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ABSTRACT 

The rapid diversification of food products, frequent packaging updates, and seasonal variations pose significant challenges for 
vision-based food inspection and dietary monitoring in real-world food systems. To address the need for scalable and flexible 
food analysis, this study proposes a domain-adaptive open-vocabulary food object detection (OVFD) framework that enables the 
identification of both existing and previously unseen food categories without category-specific box annotations for new items. By 
leveraging open-vocabulary representations, the framework allows dynamic expansion of detectable food categories as new items 
emerge, supporting continuous adaptation to evolving products, recipes, and dietary patterns while reducing manual annotation 
requirements. The proposed method integrates a dynamic prompt distribution network (DPDN) to improve region-text alignment, 
along with a density-aware multiple instance learning (DA-MIL) strategy that uses weakly supervised image-level tags to improve 
generalization and suppress background-driven detections. To reduce semantic leakage, Food2K labels are filtered by normalized 
matching, synonym auditing, and overlap-based rules before training. The framework was evaluated on multiple benchmark 
food datasets under open-vocabulary settings, demonstrating consistent improvements in detection performance for both Base 
(seen) and Novel (unseen) food categories, with Novel-category gains also observed under AP75 (average precision at intersection- 
over-union = 0.75) and COCO-style AP. Repeated-run reporting, error analysis, and limited external evaluation support stability 
and practical plausibility. By enabling dynamic category expansion with reduced annotation overhead, the proposed approach 
provides an assistive localization module for downstream dietary assessment, sorting review, and quality-inspection workflows, 
while task-specific validation and human verification remain necessary before operational food-safety or production-line use. 

Practical Applications 
This study provides an OVFD approach that can be adapted to new food items with reduced category-specific box annotation. 
Bounding-box localization can support upstream perception for portion estimation, ingredient-level dietary logging, assisted 
sorting review, and quality-inspection workflows by identifying where food items are located before secondary human or 
automated assessment. The present evidence supports assistive use only; human verification and validation under pilot-plant or 
real production conditions remain necessary before operational use. The detector is therefore intended to provide spatial evidence 
for subsequent review, not to replace validated food-inspection, quality-assessment, or production-control procedures. 

Abbreviations: OVD, open-vocabulary detection; OVFD, open-vocabulary food object detection; VLM, vision-language model; DA-MIL, density-aware multiple instance 
learning; DPDN, dynamic prompt distribution network; RPN, region proposal network; KL, Kullback–Leibler; 𝐴𝑃50 , average precision at IoU = 0.50; mAP, mean average 
precision. 
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FIGURE 1 Illustration of OVFD enabling recognition of newly introduced food categories beyond predefined labels. 
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 Introduction 

pen-vocabulary detection (OVD) offers a promising direction
or scalable food object detection by localizing categories specified
y natural-language prompts rather than a predefined label set.
s illustrated in Figure 1 , open-vocabulary food object detec-
ion (OVFD) enables the recognition of newly introduced food
ategories beyond predefined labels. Vision-language models
VLMs) such as CLIP and ALIGN enable this paradigm via
oint image-text embedding spaces (Radford et al. 2021 ; Jia
t al. 2021 ). Nevertheless, transferring OVD to fine-grained food
magery is challenging: visually similar foods may differ only in
ubtle texture and shape cues, and background elements (plates,
ackaging, utensils, conveyor belts) can dominate model atten-
ion and yield background-driven predictions, especially when
rompt tuning overfits to spurious context (K. Zhou et al. 2022a ,
022b ). 

ost existing OVD studies focus on improving region-text
lignment through distillation or region-level pretraining, and
n scaling to large label spaces with open corpora or weak
upervision (Zareian et al. 2021 ; Gu et al. 2021 ; Zhong et al. 2022 ;
. Zhou et al. 2022c ). Related formulations include zero-shot
etection and weakly supervised detection, which treat image-
evel labels as multiple instance learning (MIL) problems to
ine object regions when box annotations are unavailable (Bilen
nd Vedaldi 2016 ; Tang et al. 2017 , 2020 ). In food computing,
ultimodal learning has been widely studied for recognition,
ecipe and ingredient understanding, and dietary assessment
Min et al. 2019 ; Jiang and Min 2020 ; Marin et al. 2021 ; Myers
t al. 2015 ), but scalable localization of novel food categories in
luttered scenes remains underexplored. Knowledge distillation
rovides a general paradigm for transferring supervision in
uch settings (Hinton et al. 2015 ). Zero-shot and open-world
bject detection further study unseen-category recognition with
emantic supervision and unknown-class handling (Bansal et al.
018 ; Z. Li et al. 2019 ; Rahman et al. 2019 ; Joseph et al.
021 ). 
of 14
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For food-science and food-engineering applications, localization
is a necessary intermediate step rather than the final decision.
Bounding boxes provide spatial evidence that can be passed
to portion-size estimation, nutrient-intake logging, defect or
foreign-material review, package-food separation, and human-
in-the-loop inspection interfaces. Therefore, the objective of this
work is limited to improving open-vocabulary food localization
under cluttered scenes, while downstream safety or quality
decisions still require task-specific validation. 

Within this scope, we propose an OVFD framework with two
complementary components: (i) a dynamic prompt distribution
network (DPDN) that adapts attribute-oriented prompts accord-
ing to proposal-level uncertainty and (ii) a hybrid supervision
strategy that combines box annotations for Base categories with
large-scale image-level tags, optimized via a density-aware MIL
objective with objectness reweighting. The overall framework
is summarized in Figure 3 . The objectives of this study were
to evaluate whether instance-adaptive prompting (DPDN) and
objectness-reweighted DA-MIL reduce background-driven pre-
dictions and improve discrimination among visually similar
foods, and to assess the resulting detector under leakage-
controlled zero-shot, cross-domain, and limited external food-
scene settings relevant to practical food inspection. Recent open-
vocabulary detection methods also leverage localized vision-
language matching, retrieval augmentation, region-language
pretraining, and grounded pretraining to strengthen region-text
alignment (Bravo et al. 2022 ; Kim et al. 2024 ; L. H. Li et al. 2021 ;
Liu et al. 2023 ). 

2 Materials and Methods 

2.1 Datasets and Preprocessing 

The proposed framework was evaluated under an open-
vocabulary setting using a zero-shot detection (ZSD) protocol.
The detector was trained with box annotations for Base categories
Journal of Food Science, 2026
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FIGURE 2 Food2K leakage-filtering workflow to prevent semantic overlap with the Base/Novel splits under hybrid supervision. 
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nd evaluated on disjoint Novel categories not observed during
raining, testing whether the model can localize and recognize
reviously unseen food categories without additional box-level
nnotations. 

.1.1 ZSFooD 

his publicly available dataset was used as the primary bench-
ark for fine-grained food object detection and contains 228
ood categories annotated with bounding boxes. We followed the
tandard split, partitioning categories into observed Base classes
nd disjoint Novel classes. 

.1.2 UEC-Food256 

o assess cross-dataset robustness, we additionally used UEC-
ood256 (Kawano and Yanai 2014 ), which contains 256 food
ategories with bounding box annotations. This dataset was
artitioned into Base and Novel subsets following the same ZSD
rinciple. 

.1.3 Food2K (Auxiliary Weak Supervision) 

o introduce large-scale semantic diversity, we incorporated
ood2K (Min et al. 2023 ), which in the released training subset
sed here contains 1944 food categories and 1,036,594 images
ith image-level tags but without spatial localization. In practical
ood-image applications, image-level tags are often more readily
vailable than bounding-box annotations because they can be
erived from menu records, retail product-image repositories,
ietary photo logs, and production or inventory documentation.
ood2K therefore serves as a realistic weak-supervision source for
xpanding category coverage without requiring box annotation
or every new food item. To reduce potential label leakage, we
pplied a strict semantic filtering protocol to exclude Food2K
lasses whose tags overlap with the predefined Base/Novel cat-
gory splits of ZSFooD or UEC-Food256. The filtering workflow
s illustrated in Figure 2 . 

o make the weak-supervision source auditable, we define a
plit-specific filtering protocol before any Food2K image-level
ournal of Food Science, 2026
tags are used. Food2K labels and benchmark category names are
first normalized by lowercasing, removing punctuation, replacing
hyphens and slashes with spaces, collapsing whitespace, and
applying singular–plural normalization. The remaining labels are
then screened by a manually reviewed synonym list, keyword-
set inclusion, keyword Jaccard overlap, and string-similarity
matching. Any Food2K class that overlaps with a Base or
Novel benchmark class under these rules is removed from the
weak-supervision pool. 

The filtering is performed independently for ZSFooD and UEC-
Food256 because their class inventories differ. For ZSFooD, the
strict audit removes 249 Food2K classes and 139,191 images,
leaving 1695 classes and 897,403 images for weak supervision. For
UEC-Food256, the audit removes 225 classes and 134,655 images,
leaving 1719 classes and 901,939 images. The removed-class list
and retained-class list are released as supplementary material so
that the filtering can be independently inspected. The Food2K
semantic-leakage audit and strict filtering summart is provided
in Table 8 . 

All experiments reported in this study use the strict-filtered
Food2K subset described above. This protocol provides auditable
rule-based criteria and corresponding class-image statistics so
that Novel-category performance can be interpreted under an
explicitly leakage-controlled weak-supervision setting. 

2.2 Overall Framework Architecture 

We propose an OVFD framework that integrates object-level
supervision (bounding boxes) with image-level weak supervision
(tags). The framework follows a two-stage detection pipeline
(Faster R-CNN; Ren et al. 2017 ) and leverages vision-language
representations (e.g., CLIP; Radford et al. 2021 ) to align region
features with text descriptions. A region proposal network (RPN)
generates class-agnostic candidate regions, and two compo-
nents are introduced to improve fine-grained discrimination, as
summarized in Figure 3 . 

The framework consists of (1) a DPDN, which estimates instance
ambiguity and adaptively reweights attribute-oriented prompt
templates (e.g., emphasizing texture or shape) for visually similar
food categories, and (2) a hybrid-supervised detection head with
density-aware MIL (DA-MIL), which learns from both box-
3 of 14
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FIGURE 3 Overall architecture of the proposed OVFD framework with hybrid supervision, DPDN, and density-aware MIL (DA-MIL). 
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nnotated Base data and tag-labeled Food2K data by mining
bject regions from image-level supervision while suppressing
ackground responses commonly induced by tableware and
lutter. 

.3 Dynamic Prompt Distribution Network 

ood categories often exhibit both high intra-class variation (e.g.,
resentation differences) and high inter-class similarity (e.g.,
ine-grained variants). Consequently, the amount of attribute
etail needed in the text description can vary across instances.
he DPDN module addresses this by estimating instance ambi-
uity from visual features and producing an adaptive distribution
ver prompt templates. 

.3.1 Variational Latent Modeling 

ather than using fixed text-template heuristics, instance ambi-
uity is modeled as a probabilistic latent distribution conditioned
n the visual input. Let 𝑥 denote the region-of-interest (RoI)-
ooled feature vector of a candidate region. A probabilistic
ncoder predicts the parameters of a latent Gaussian distribution:

𝜇 = 𝑓𝜇( 𝐸 ( 𝑥)) , log 𝜎2 = 𝑓𝜎( 𝐸 ( 𝑥)) (1)

here 𝐸( ⋅) is a shared MLP encoder and 𝜇 and log 𝜎2 denote
he mean and log-variance of the latent distribution, respectively.
of 14
Here, 𝜎 reflects instance-level visual ambiguity: larger uncer-
tainty typically corresponds to visually similar, fine-grained cases
that benefit from more attribute-focused prompts. 

2.3.2 Dynamic Template Weighting via Sampling 

To obtain adaptive prompt weights, a latent variable 𝑧 is sampled
using the reparameterization trick: 

𝑧 = 𝜇 + 𝜎 ⊙ 𝜀, 𝜀 ∼ N ( 0 , 𝐼) (2)

This latent variable encodes instance-specific attribute cues. The
latent code 𝑧 is then transformed into modulation parameters 𝛾
(scaling) and 𝛽 (shifting) via two projection heads: 

𝛾 = s 𝑖𝑔 𝑚 𝑜𝑖𝑑 
(
𝑊𝛾𝑧 

)
, 𝛽 = 𝑊𝛽𝑧 (3)

These parameters modulate the template logits, and the final
prompt-weight distribution is computed as follows: 

𝑤gate = Sof tmax ( Decoder ( 𝑧) ⊙ 𝛾 + 𝛽) (4)

where Decoder ( ⋅) outputs a vector of template logits and
Sof tmax ( ⋅) is applied across prompt templates. 

DPDN outputs a normalized weight vector over multiple prompt
templates for each detected instance. For ambiguous, fine-
grained cases, the distribution tends to emphasize attribute-rich
templates (e.g., texture- or shape-oriented prompts), whereas for
Journal of Food Science, 2026
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FIGURE 4 Examples of instance-adaptive prompt-template weighting. Left: detection visualization; right: normalized prompt-template weights 
predicted for the corresponding instance. 
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isually distinct cases, it remains less concentrated. Representa-
ive template-weight distributions are visualized in Figure 4 . 

.4 Hybrid Learning Strategy 

odel training uses a hybrid objective that combines fully super-
ised detection on box-annotated Base categories and weakly
upervised learning on tag-labeled Food2K images. 

o ensure that the latent distribution approximates a standard
aussian and to mitigate overfitting, a Kullback–Leibler (KL)
ivergence loss is included for the DPDN module (Kullback and
eibler 1951 ): 

KL = −1 

2 

∑
𝑗 

(
1 + log 𝜎2 

𝑗 
− 𝜇2 

𝑗 
− 𝜎2 

𝑗 

)
(5)

his regularization encourages a continuous and smooth latent
pace for fine-grained attributes. 

.4.1 Supervised Branch (Base Classes) 

or the Base classes of ZSFooD and UEC-Food256 with bounding
ox annotations, the standard Faster R-CNN detection losses
re minimized, including classification loss and bounding box
egression loss. This branch provides core localization capability
or food objects under complex visual backgrounds (e.g., plates
nd tableware). 
ournal of Food Science, 2026
2.4.2 Weakly Supervised Learning via Density-Aware 
MIL 

To exploit the semantic diversity of Food2K without spatial
annotations, learning on tag-labeled images is formulated as
a MIL problem. This weak-supervision setting is practically
relevant because large-scale food data collected in real application
scenarios are more likely to provide image-level category tags
than instance-level box annotations. A weakly labeled image
containing category 𝑐 is treated as a bag of candidate regions
generated by the RPN. The objective is to assign higher contri-
bution to regions that correspond to the target food item and to
propagate learning signals to the detector without ground-truth
boxes. 

Traditional MIL often uses a max-score update, where only the
single highest-scoring region is used. In fine-grained food object
detection, this can overemphasize a salient part (e.g., a garnish)
rather than the whole dish. To mitigate this, we adopt a density-
aware top-K soft-selection strategy that aggregates supervision
signals across multiple high-confidence regions. Related weakly
supervised detection lines study instance mining and weakly
supervised open-vocabulary detection, which motivates selecting
multiple informative regions under weak labels (J. Lin et al. 2024 ).

Specifically, for a given category 𝑐, the top- 𝐾 regions are retrieved
based on the classification logits 𝑠𝑖,𝑐 . To reduce learning from
background regions that may receive spuriously high scores
(e.g., tableware patterns), each region is reweighted using the
objectness prior from the RPN. The contribution weight for each
5 of 14
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elected region is computed as follows: 

𝑤𝑖 =
exp 

(
𝑠𝑖,𝑐 ∕𝜏

)
⋅ s 𝑖𝑔 𝑚 𝑜𝑖𝑑 ( 𝑂𝑖 ) ∑

𝑗∈top 𝑘 

exp 
(
𝑠𝑗,𝑐 ∕𝜏

)
⋅ s 𝑖𝑔 𝑚 𝑜𝑖𝑑 

(
𝑂𝑗 

) (6)

here 𝜏 is a temperature hyperparameter controlling the smooth-
ess of the distribution, top 𝑘 denotes the selected top- 𝐾 proposal
et, 𝑂𝑖 is the objectness logit of proposal 𝑖 , and s 𝑖 𝑔 𝑚 𝑜𝑖𝑑 ( ⋅) is the
ogistic function. The final MIL loss is defined as the objectness-
eighted binary cross-entropy over these selected instances,
here 𝑝𝑖,𝑐 is the predicted probability for category c : 

mil = −
∑

𝑖∈top 𝑘 

𝑤𝑖 log 
(
𝑝𝑖,𝑐 

)
(7)

y integrating weak supervision into the density-aware for-
ulation, the model learns more stable region representations
rom tag-only images and reduces the localization instability
ommonly observed in standard MIL. 

.5 Implementation Details 

he framework was implemented in PyTorch using Detectron2.
nless otherwise stated, a Faster R-CNN detector with a ResNet-
0 backbone was used (He et al. 2016 ). Optimization used
tochastic gradient descent(SGD) with momentum 0.9 and a
tep learning-rate schedule. ResNet backbones are commonly
retrained on ImageNet (Russakovsky et al. 2015 ), and detector
mplementations are often benchmarked on MS COCO (T. Y. Lin
t al. 2014 ). Multi-scale feature pyramids are also widely used in
bject detection (T. Y. Lin, Dollar, et al. 2017 ). 

or hybrid supervision, mini-batches were constructed from both
ox-annotated (Base) data and tag-labeled Food2K data using a
ulti-dataset sampling strategy. Unless otherwise noted, DA-MIL
sed 𝑘 = 5 and 𝜏 = 1 . 0 with RPN objectness reweighting, while
he DPDN used 𝑘 = 10 nearest neighbors, 𝜎 = 0 . 1 , 𝛾 = 0 . 8 , and
= 0 . 5 for density-aware prompt selection. 

or reproducibility, the experiments use the following training
rotocol unless otherwise specified. The detector is trained with
GD, momentum 0.9, weight decay 0.0001, base learning rate
.02, 180,000 iterations, 1000 warm-up iterations, and learning-
ate decay at 60,000 and 80,000 iterations. For mixed super-
ised/weakly supervised updates, each multi-dataset batch uses
our box-annotated images and 16 Food2K tag-labeled images,
orresponding to a 1:4 supervised-to-weak sampling ratio. The
ain detection branch uses ResizeShortestEdge with short side
00 and max size 1333, while the weakly supervised Food2K
ranch uses short side 400 and max size 667. Test-time evaluation
ses short side 800, max size 1333, and class-agnostic NMS
hreshold 0.5; benchmark AP computation uses score threshold
.0. 

he prompt templates used by DPDN are listed as follows. DPDN
ynamically selects three to eight templates from the following 10
andidates: “a photo of a {},” “a close-up of {},” “a detailed view of
},” “a high resolution image of {},” “a professional photograph of
},” “an image focusing on the texture of {},” “a visual highlighting
of 14
the color of {},” “a shot emphasizing the shape of {},” “a picture
capturing the unique appearance of {},” and “a photo showing
the distinctive features of {}.” All repeated-run experiments used
random seeds 0, 1, and 2 with identical data splits. 

2.6 Application Prototype and Deployment 

To illustrate potential use in practice, we developed a lightweight
mobile client and web interface that allow users to upload
images or capture photos for on-demand analysis. The trained
detector is deployed on a server and accessed through these
clients, returning predicted categories together with bounding-
box visualizations. The web interface also provides a structured
view (class/score/bounding box) to support review and reporting.
This prototype is intended to demonstrate practical integration
of open-vocabulary detection into food-image analysis workflows
(Figure 5 ). 

Prototype latency was measured server-side with batch size 1 on
an NVIDIA A800 80GB PCIe GPU. Using short side 800 and max
size 1333, mean preprocessing time was 59.8 ms, model-inference
time was 153.8 ms, post-processing time was 0.56 ms, and total
latency was 214.2 ms per image, corresponding to 4.67 FPS over
280 measured iterations after 20 warm-up runs. 

3 Results and Discussion 

3.1 Comparison With Representative Methods 
on ZSFooD 

To evaluate the proposed framework, comparisons were made
with representative OVD methods on the ZSFooD dataset.
Quantitative results are summarized in Table 1 . 

As shown in Table 1 , the proposed method achieves 15.1% Novel
AP50 while maintaining 90.0% Base AP50 (72.7% All AP50) on
ZSFooD. Compared with representative baselines such as CLIFF
and Detic, the higher Novel performance indicates improved
generalization to previously unseen food items without sacri-
ficing localization for familiar items. From a food engineering
perspective, this behavior is desirable because new stock-keeping
units (SKUs) and fine-grained variants can be introduced without
immediate category-specific re-annotation and retraining. 

We also compare with LLMDet, which augments open-
vocabulary detector training using large language model
(LLM)-generated captions to enrich language supervision
(Fu et al. 2025 ). Although LLMDet achieves 57.3% Base AP50
on ZSFooD, its Novel performance is 5.3% AP50 (Table 1 ).
This suggests that generic caption-style supervision may
not directly translate to fine-grained food categories, where
discriminative differences are subtle and inference-time text
cues are often limited to short class names. In contrast, the
proposed DPDN explicitly strengthens class-name prompts with
attribute-oriented cues and adapts them per proposal, which
may better match practical text-prompt usage at inference.
Transformer-based detector architectures such as DETR
provide an alternative design for detection (Carion et al.
2020 ). 
Journal of Food Science, 2026
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FIGURE 5 Proof-of-concept client–server deployment of the proposed OVFD system. (a) Detailed web interface summarizing detected food 
categories, confidence scores, and bounding boxes. (b) Mobile detection results with food item localization. (c) Web-based interface. (d) Web interface 
result visualization. 

TABLE 1 Comparison with representative methods on the ZSFooD dataset. 

Method Backbone Detector Novel AP50 Base AP50 All AP50 

OVR-CNN RN50 Faster R-CNN 1.2 31.8 24.8 
Object- Centric- OVD RN50 Faster R-CNN 6.2 91.1 71.5 
CORA + RN50 Faster R-CNN 5.2 8.5 7.7 
Detic RN50 Faster R-CNN 5.4 90.6 71.0 
CoDet RN50 Faster R-CNN 7.0 77.6 61.3 
VLDet RN50 Faster R-CNN 8.4 79.1 62.8 
CLIFF RN50 Faster R-CNN 10.4 89.7 71.4 
SIA-OVD RN50 Faster R-CNN 2.8 23.2 18.5 
RALF-Centric RN50 Faster R-CNN 6.6 82.8 65.2 
OV-DQUO RN50 Faster R-CNN 9.5 12.6 11.9 
LLMDet RN50 DETR 5.3 57.3 45.3 
Ours RN50 Faster R-CNN 15.1 90.0 72.7 

Note: Metrics are AP50 for Novel, Base, and All categories. 

Journal of Food Science, 2026 7 of 14
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TABLE 2 Comparison with representative methods on the UEC-Food256 dataset to evaluate cross-domain robustness. 

Method Backbone Detector Novel AP50 Base AP50 All AP50 

Object- Centric- OVD RN50 Faster R-CNN 4.7 12.3 9.6 
Detic RN50 Faster R-CNN 3.5 6.1 5.2 
CoDet RN50 Faster R-CNN 4.6 13.9 10.5 
VLDet RN50 Faster R-CNN 5.4 6.0 5.8 
CLIFF RN50 Faster R-CNN 15.2 22.5 19.9 
LLMDet RN50 DETR 8.5 3.6 5.3 
Ours RN50 Faster R-CNN 16.5 22.6 20.4 
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.2 Cross-Domain Generalization on 

EC-Food256 

o assess robustness in varying environments (e.g., lighting
onditions, plating styles, and cultural food varieties), the model
as evaluated on UEC-Food256. As presented in Table 2 , the
roposed framework achieves 16.5% Novel AP50 and 22.6%
ase AP50, providing higher Novel-category performance than
he best-performing comparison method (CLIFF). Cross-domain
obustness can also be influenced by backbone and loss design
nd weakly supervised mining strategies (T. Y. Lin, Goyal, et al.
017b ; J. Lin et al. 2024 ). 

his cross-domain performance trend may be partly attributable
o DA-MIL. When transferring across environments, background
ppearance (e.g., tableware, tablecloth patterns, packaging) and
maging conditions can shift, and weak supervision can amplify
purious correlations if only the single highest-scoring proposal
s updated. By aggregating the top- 𝐾 proposals and down-
eighting low-objectness regions, DA-MIL reduces the influence
f background-dominant regions and encourages learning from
ore complete food regions, which may improve robustness in
ractical deployment. 

.3 Additional Evaluation Rigor 

ecause AP50 alone may overstate localization quality, we addi-
ionally report AP75 and COCO-style AP averaged over IoU
hresholds from 0.50 to 0.95 (Table 9 ). On ZSFooD, the proposed
ethod achieves Novel AP50/AP75/AP of 15.1/12.8/9.4, compared
ith 10.4/8.6/6.1 for CLIFF and 5.4/4.3/3.1 for Detic. On UEC-
ood256, the proposed method achieves 16.5/13.2/8.7 on Novel
ategories, compared with 15.2/12.0/7.9 for CLIFF. These results
how that the gains remain visible under stricter localization
riteria rather than appearing only at AP50. 

able 10 reports repeated-run stability over three random seeds
n ZSFooD. The full model reaches Novel AP50 = 14.89 ± 0.50,
ase AP50 = 89.98 ± 0.30, and All AP50 = 72.69 ± 0.35. The
blations show that DPDN primarily improves Novel-category
eneralization, whereas DA-MIL contributes more directly to
ecovering Base-category stability under weak supervision. These
esults indicate stable but limited overall gains, with the largest
mprovement observed for Novel categories. 
of 14
For error analysis, predicted boxes were first filtered using a
confidence score threshold of 0.30. This threshold was selected
to retain sufficient low- and medium-confidence predictions for
diagnostic error counting while excluding very low-confidence
noise. The remaining predictions were assigned to ground-truth
boxes by one-to-one greedy IoU-based matching. A prediction
was counted as a true-positive match only when it had IoU
≥ 0.50 with a ground-truth box of the same class, and each pre-
diction could be matched to at most one ground-truth instance.
Fine-grained class confusion was counted when a prediction
overlapped a ground-truth food item with IoU ≥ 0.50 but was
assigned to a different food class. Background false positives
were predictions with IoU < 0.50 against all ground-truth boxes,
whereas missed detections were ground-truth instances without
any matched prediction above the score threshold. Localization
errors were recorded when a correct-class prediction localized the
object at IoU ≥ 0.50 but failed the stricter IoU ≥ 0.75 criterion, and
duplicate/overlap errors were recorded for additional predictions
assigned to already matched instances or fragmented predictions
in dense tray scenes. Because the error distribution depends on
the score threshold and matching protocol, the results in Table 11
should be interpreted as protocol-specific diagnostic statistics
rather than evidence that background-driven detections have
been fully resolved. 

Table 11 summarizes validation-set error analysis on the full
ZSFooD validation set at score threshold 0.30. Fine-grained food
confusion is the dominant failure mode, accounting for 92.0% of
all false positives and 82.1% of all false negatives. By contrast,
background false positives account for only 1.1% of all false
positives, and localization errors account for only 0.6% of all error
items. This pattern indicates that the main remaining bottleneck
is discrimination among visually similar food categories rather
than background leakage or box regression. 

3.4 Ablation Studies 

Ablation studies were performed on the ZSFooD dataset to
quantify the contribution of each component, including DPDN,
DA-MIL, and the hybrid supervision strategy. Beyond the core
ablations reported in Table 3 , further analyses assessed (i) the
necessity of KL regularization in DPDN, (ii) sensitivity to the key
DA-MIL hyperparameters (top-k and tau), (iii) the contribution
of objectness reweighting, and (iv) deterministic mean-only
Journal of Food Science, 2026
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TABLE 3 Ablation study on the ZSFooD dataset quantifying the contribution of each component in the proposed framework. 

Configuration Novel AP50 Base AP50 All AP50 

Baseline 10.73 89.92 71.68 
+ DPDN 11.68 89.46 71.54 
+ Food2K (max-MIL) 13.56 70.21 57.16 
+ Food2K (DA-MIL) 13.35 89.48 71.94 
+ DPDN + Food2K (DA-MIL) 15.03 90.02 72.75 

TABLE 4 Ablation on KL regularization in DPDN on the ZSFooD 

dataset. 

Setting Novel AP50 Base AP50 All AP50 

DPDN w/o KL 10.78 89.45 71.33 
DPDN w/ KL 11.68 89.46 71.54 
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rompting versus stochastic sampling. Results are summarized
n Tables 4–7 . 

nless otherwise stated, each ablation changes only the corre-
ponding component or hyperparameter and keeps the remaining
ettings identical to the main training protocol. 

able 3 summarizes the contribution of each component. DPDN
mproves Novel performance over the Baseline ( + 0.95 points),
ndicating that adapting prompts toward texture/shape cues ben-
fits discrimination among visually similar foods. Incorporating
ood2K with naive max-score MIL improves Novel AP50 but
arkedly degrades Base performance, consistent with unsta-
le instance selection under weak labels. Replacing max-score
IL with DA-MIL recovers Base performance while improving
verall AP50, suggesting that top-k aggregation with objectness
eweighting stabilizes learning from tagged images. The full
odel (DPDN + Food2K with DA-MIL) achieves the best overall
erformance. 

PDN KL regularization : The KL term was ablated by removing
he KL loss and compared against the default setting with KL
egularization while keeping all other training settings fixed
Table 4 ). Removing KL reduces Novel AP50 from 11.68 to 10.78
hile leaving Base AP50 nearly unchanged (89.46 vs. 89.45),
ecreasing the overall AP50 from 71.54 to 71.33. This regulariza-
ion corresponds to the KL divergence term that encourages a
mooth latent distribution (Kullback and Leibler 1951 ). 

yperparameter sensitivity : The top-k selection and temperature
au were varied in DA-MIL to assess the sensitivity of weak-
upervision mining under different sparsity/smoothness levels
Table 5 ). The setting top-k = 5 and tau = 1.0 achieves the best
ll AP50 (71.94) among the tested configurations, while other
hoices lead to only modest changes (71.59–71.81), suggesting that
he method is relatively insensitive within a reasonable range of
op-k and tau. 

bjectness reweighting in DA-MIL : The proposal objectness prior
as removed (i.e., objectness reweighting was disabled) to
ournal of Food Science, 2026
isolate its role in suppressing background-dominant proposals
and stabilizing weakly supervised learning (Table 6 ). Disabling
objectness reweighting decreases All AP50 from 71.94 to 71.26
and reduces Novel AP50 from 13.35 to 12.63, suggesting that
objectness priors help suppress background-dominant proposals
during weak supervision. 

Mean-only versus sampling : Stochastic sampling was replaced
with a deterministic mean-only variant (without sampling) to
evaluate whether variational sampling contributes to generaliza-
tion beyond deterministic prompting (Table 7 ). The mean-only
variant yields lower Novel AP50 (10.85 vs. 11.68) and a lower
All AP50 (71.32 vs. 71.54) than sampling, supporting the use of
stochastic sampling during training. 

3.5 Qualitative Analysis 

To complement the quantitative evaluation, qualitative exam-
ples produced by the deployed prototype are shown. Figure 5
presents representative detection outputs obtained through the
mobile application and the web interface, illustrating multi-item
localization and consistent labeling in user-captured images.
Figure S1 provides a qualitative comparison with a baseline under
complex multi-item scenes. In Figure S1 , the proposed method
(bottom) often yields more complete multi-item localization and
more specific food labels than the baseline (top), while reducing
background-driven false positives in cluttered meal-tray scenes. 

In deployment-oriented scenarios, the proposed framework
tends to localize dominant food items while suppressing many
background distractors (e.g., tableware and clutter), without
category-specific retraining for new categories. These properties
may support assistive quality screening, sorting review for new
product lines, and more consistent human-in-the-loop visual
assessment. Computer vision has been used for food quality
inspection and measurement in food engineering (Brosnan and
Sun 2004 ; Russ 2015 ). 

A manually annotated external pilot set of 195 web-collected
household and restaurant food-scene images with 530 bounding
boxes was used as a limited real-world plausibility check. On
this external set, the deployed model achieved AP50 = 40.7,
AP75 = 30.5, and AP = 25.2. These results are reported to assess
transfer under realistic clutter and domain shift, not to claim
production-line readiness. 

The external evaluation set was assembled from web-collected
food-scene images associated with recipe and food-content
9 of 14
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TABLE 5 Sensitivity to DA-MIL hyperparameters on the ZSFooD dataset. 

Top-k tau Novel AP50 Base AP50 All AP50 

3 1.0 12.55 89.31 71.63 
5 0.5 13.10 89.10 71.59 
5 1.0 13.35 89.48 71.94 
5 2.0 13.05 89.18 71.64 
10 1.0 13.24 89.34 71.81 

TABLE 6 Contribution of objectness reweighting in DA-MIL on the ZSFooD dataset. 

Setting Novel AP50 Base AP50 All AP50 

DA-MIL without objectness reweight 12.63 88.81 71.26 
DA-MIL with objectness reweight 13.35 89.48 71.94 

TABLE 7 Ablation on deterministic (mean-only) prompting versus stochastic sampling in DPDN on the ZSFooD dataset. 

Setting Novel AP50 Base AP50 All AP50 

Mean-only (without sampling) 10.85 89.42 71.32 
Sampling 11.68 89.46 71.54 

TABLE 8 Food2K semantic-leakage audit and strict filtering summary. 

Benchmark Base classes Novel classes 
Removed 
classes 

Removed 
images 

Retained 
classes 

Retained 
images 

ZSFooD 184 44 249 139,191 1695 897,403 
UEC-Food256 205 51 225 134,655 1719 901,939 
Rules — — Normalized exact 

match 
Keyword 
inclusion 

Jaccard ≥ 0.60 String similarity 
≥ 0.86 

TABLE 9 Stricter localization metrics (AP50/AP75/AP) beyond AP50. 

Dataset Method 
Novel 

AP50/AP75/AP 

Base 
AP50/AP75/AP All AP50/AP75/AP Note 

ZSFooD Ours 15.1/12.8/9.4 90.0/87.2/69.1 72.7/69.4/56.8 Strict-filtered Food2K 

ZSFooD CLIFF 10.4/8.6/6.1 89.7/86.1/68.0 71.4/68.1/55.7 Best comparable baseline 
ZSFooD Detic 5.4/4.3/3.1 90.6/87.4/69.0 71.0/68.6/55.8 Reference baseline 
UEC-Food256 Ours 16.5/13.2/8.7 22.6/19.3/13.4 20.4/17.2/11.8 Strict-filtered Food2K 

UEC-Food256 CLIFF 15.2/12.0/7.9 22.5/18.9/13.0 19.9/16.5/11.1 Best comparable baseline 

TABLE 10 Repeated-run stability over three random seeds on ZSFooD. 

Configuration Novel AP50 mean ± std Base AP50 mean ± std All AP50 mean ± std 

Baseline 10.81 ± 0.26 89.96 ± 0.22 71.74 ± 0.23 
+ DPDN 11.58 ± 0.32 89.42 ± 0.24 71.50 ± 0.26 
+ Food2K (DA-MIL) 13.23 ± 0.45 89.52 ± 0.30 71.93 ± 0.33 
Full model 14.89 ± 0.50 89.98 ± 0.30 72.69 ± 0.35 

10 of 14 Journal of Food Science, 2026
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TABLE 11 ZSFooD validation-set error analysis at score threshold 0.30. 

Error type Count Share Interpretation 

Fine-grained class confusion (FP) 22,591 92.0% of all FP Primary false-positive source; the model 
more often predicts the wrong food class 

than a non-food region. 
Fine-grained class confusion (FN) 12,721 82.1% of all FN Ground-truth instances are frequently 

absorbed by semantically adjacent food 
categories. 

Missed detections 1479 9.5% of all FN Secondary difficulty driven by small, 
low-contrast, or occluded food items. 

Background false positives 277 1.1% of all FP Background leakage is present but is not 
the dominant bottleneck after DA-MIL. 

Localization errors 252 0.6% of all error items AP degradation is driven far more by class 
confusion than by box regression. 

Other overlap/duplicate errors 2747 6.9% of all error items Dense tray scenes can still cause box 
fragmentation or incorrect merging. 

TABLE 12 Composition and benchmark-overlap audit of the external food-scene evaluation set. 

Coarse food type 
No. of fine 
categories Images Annotations Benchmark overlap 

Dumplings 14 30 190 No overlap 
Egg Tarts 4 15 56 No overlap 
Fried Chicken Cutlets 2 15 52 No overlap 
Onion Rings 2 15 48 No overlap 
Fried Shrimp 9 15 45 Base-class overlap 
Roast Chicken 7 15 31 Base-class overlap 
Pumpkin Pie 2 15 25 No overlap 
French Fries 2 15 22 Base-class overlap 
Pork Chops 13 15 16 No overlap 
Fried Rice 15 15 15 Base-class overlap 
Spaghetti with Meat Sauce 6 15 15 No overlap 
Tomato Soup 12 15 15 No overlap 
Total 88 195 530 

Note: Benchmark overlap was audited at the class-name level against ZSFooD and UEC-Food256 Base/Novel classes and at the image-source level against the 
benchmark distribution pages and repositories. 
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ebsites, including recipe.rakuten.co.jp, cookpad.com, tudogos-
oso.com.br, taste.com.au, recetasgratis.net, douguo.com, rus-
ianfood.com, and xiangha.com. Specific source URLs are not
isted in the manuscript, but image metadata and source infor-
ation will be released with the external-set metadata subject to
ource-site terms. 

he set contains 12 visually distinct coarse food types and 88
ine-grained food labels, with 195 images and 530 bounding-box
nnotations in total. The 12 reported coarse types are Dumplings,
gg Tarts, Fried Chicken Cutlets, Onion Rings, Fried Shrimp,
oast Chicken, Pumpkin Pie, French Fries, Pork Chops, Fried
ice, Spaghetti with Meat Sauce, and Tomato Soup. The mean
umber of annotations was 2.72 boxes per image. The external-set
omposition and overlap status are summarized in Table 12 . 
ournal of Food Science, 2026
External-set annotation was completed by two annotators. Anno-
tator 1 drew all bounding boxes and assigned fine-grained and
coarse labels for the 195 images; Annotator 2 independently
reviewed every image and annotation, identified missed food
items, and added missing annotations. Bounding boxes were
drawn tightly around visible food items using LabelImg in Pascal
VOC format and then converted to COCO JSON for detector
evaluation. Of the final 530 boxes, 498 instances (94.0%) were
confirmed by Annotator 2, and 32 instances (6.0%) were added
during review; minor annotation inconsistencies were identified
and resolved during the review process. 

To evaluate potential overlap with benchmark data, all 88 fine-
grained external- set category names were compared with the
Novel and Base class lists of ZSFooD and UEC-Food256 by
11 of 14
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TABLE 13 External-set baseline comparison on the 195-image food-scene evaluation set. 

Method Backbone Detector 
Base-overlap 

AP50/AP75/AP/AP95 
No-overlap 

AP50/AP75/AP/AP95 
Overall 

AP50/AP75/AP/AP95 

Detic RN50 Faster R-CNN 17.2/13.1/10.6/4.9 14.0/10.3/8.3/3.6 14.7/10.9/8.8/3.9 
CoDet RN50 Faster R-CNN 18.9/14.3/11.7/5.4 15.5/11.4/9.2/4.0 16.2/12.0/9.7/4.3 
Object- Centric- OVD RN50 Faster R-CNN 19.6/14.9/12.1/5.7 16.0/11.8/9.6/4.3 16.8/12.5/10.1/4.6 
VLDet RN50 Faster R-CNN 21.4/16.2/13.2/6.0 17.6/12.9/10.3/4.5 18.4/13.6/10.9/4.8 
LLMDet RN50 DETR 25.6/18.9/15.3/6.7 21.2/15.2/12.0/4.9 22.1/16.0/12.7/5.3 
CLIFF RN50 Faster R-CNN 32.2/24.8/20.5/10.0 27.0/20.5/16.8/7.7 28.1/21.4/17.6/8.2 
Ours RN50 Faster R-CNN 43.7/34.0/29.1/15.2 39.9/29.6/24.1/12.8 40.7/30.5/25.2/13.3 

Note: AP denotes COCO-style AP averaged over IoU thresholds from 0.50 to 0.95. Base-overlap contains four coarse types and 113 annotations; no-overlap contains 
eight coarse types and 417 annotations; the overall set contains 12 coarse types and 530 annotations. 
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xact string matching and normalized substring matching. No
xact or near-exact matches were found with the Novel classes.
our coarse types (Fried Shrimp, Roast Chicken, French Fries,
nd Fried Rice) contained fine-grained names that overlapped
ith Base-class semantics, whereas the remaining eight coarse
ypes had no benchmark-class overlap. The 195 source URLs
ere also checked to confirm that the images did not originate
rom ZSFooD, UEC-Food256, or Food2K distribution pages or
ssociated dataset repositories. 

o address external-set comparability, we additionally evaluated
etic, CoDet, Object- Centric- OVD, VLDet, LLMDet, and CLIFF
n the same 195-image external food-scene set using the method
onfigurations evaluated on UEC-Food256 (RN50 backbone;
aster R-CNN detector except LLMDet, which uses DETR).
s summarized in Table 13 , the proposed method achieved
he highest overall AP50/AP75/AP/AP95 of 40.7/30.5/25.2/13.3,
ompared with 28.1/21.4/17.6/8.2 for the strongest baseline CLIFF.
he advantage was observed on both the Base-class-overlap
ubset (43.7/34.0/29.1/15.2 vs. 32.2/24.8/20.5/10.0 for CLIFF)
nd the no-benchmark-overlap subset (39.9/29.6/24.1/12.8 vs.
7.0/20.5/16.8/7.7 for CLIFF). These results strengthen the
omain-shift evaluation while still representing external image-
evel validation rather than pilot-plant or production-line deploy-
ent evidence. 

ailure cases primarily occur under heavy occlusion, extreme illu-
ination changes, or among visually near-duplicate categories
here fine-grained appearance differences are subtle. The error
nalysis further shows that semantically adjacent food categories
re more problematic than plate, tray, or packaging distractors,
hich is consistent with the remaining difficulty of fine-grained
ood discrimination in open-vocabulary settings. 

.6 Implications for Food Inspection and 

ngineering Applications 

rom a food engineering perspective, the proposed open-
ocabulary detection framework addresses several practical chal-
enges commonly encountered in real-world food inspection
nd monitoring systems. In food inspection, retail, and dietary-
onitoring environments, food items are rarely presented in
solation and are often accompanied by diverse background
2 of 14
elements such as tableware, trays, packaging materials, reflective
surfaces, or complex serving containers. By combining instance-
adaptive prompting (DPDN) with objectness-reweighted weak
supervision (DA-MIL), the proposed method reduces many
background-driven responses while preserving the ability to
expand to new food categories without immediate box-level
re-annotation. 

Accordingly, references to inspection, sorting, dietary assess-
ment, and production environments should be understood as
potential downstream contexts for upstream object localization.
The present study does not evaluate defect detection, food-
safety classif ication, quality grading, process-control decisions, or
pilot-plant/production-line deployment. 

Bounding-box localization should therefore be interpreted as an
upstream perception step for downstream portion estimation,
ingredient-level dietary assessment, assisted sorting review, and
quality-inspection workflows rather than a final food-safety or
quality decision. The stricter AP metrics, three-seed stability
analysis, and validation-set error analysis characterize model
performance more consistently, while also showing that the gains
are modest and that fine-grained class confusion remains the
dominant limitation. 

The limited external evaluation on 195 manually annotated food-
scene images provides additional evidence that the approach can
transfer beyond the benchmark split, but the results should still
be treated as assistive-use evidence only. The study does not
yet constitute pilot-plant or production-line validation, and it
does not replace human review in quality-inspection or dietary-
monitoring workflows. 

The method should therefore be interpreted as a human-in-the-
loop assistive perception tool. In quality-inspection or safety-
related workflows, detections should be verified by trained
personnel or by downstream task-specific sensors or assays before
operational decisions are made. 

4 Conclusion 

These results suggest that OVFD is primarily limited by seman-
tic misalignment between generic prompts and fine-grained
Journal of Food Science, 2026
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ood attributes. By modeling proposal-level ambiguity, DPDN
mproves disambiguation among visually similar categories, and
A-MIL enables effective use of image-level tags by suppressing
ackground-dominant proposals through objectness reweight-
ng. Under strict Food2K leakage filtering, the resulting detector
mproves Novel-category performance on both ZSFooD and UEC-
ood256 while retaining competitive Base-category localization,
nd the gains remain visible under AP75 and COCO-style AP. 

emaining limitations include proposal quality, residual ambi-
uity among highly similar foods, sensitivity to severe occlusion
nd illumination changes, and the absence of full pilot-plant or
roduction-line scale validation. The limited external evaluation
upports practical plausibility, but human verification remains
ecessary before using the system for food safety, quality grading,
r scale-up decisions. Future work will evaluate the model
nder controlled pilot-plant conditions, expand real-world data
ollection, and integrate stronger vision-language backbones
ith task-specific quality and safety validation modules. 
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