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Abstract:As a fundamental task in food computing, food detection plays a crucial role in locating and identifying
food items from input images, particularly in applications such as intelligent canteen settlement and dietary health
management. However, food categories are constantly updating in practical scenarios, making it difficult for food
detectors trained on fixed categories to accurately detect previously unseen food categories. To address this issue,

this paper proposes a zero-shot food image detection method. Firstly, a Transformer-based food primitive



generator is constructed, where each primitive contains fine-grained attributes relevant to food categories. These
primitives can be selectively assembled based on the food characteristics to synthesize new food features. Secondly,
an enhancement component of visual feature disentanglement is proposed in order to impose more constraints on
the visual features of unseen food categories. The visual features of food images are decomposed into semantically
related features and semantically unrelated features, thereby better transferring semantic knowledge of food
categories to their visual features. The proposed method is extensively evaluated on the ZSFooD and
UEC-FOOD256 datasets through numerous experiments and ablation studies. Under the zero-shot detection (ZSD)
setting, optimal average precision on unseen classes reaches 4.9% and 24.1%, respectively, demonstrating the
effectiveness of the proposed approach. Under the Generalized Zero-Shot Detection (GZSD) setting, the harmonic
mean of visible and unseen classes reaches 5.8% and 22%, respectively, further validating the effectiveness of the
proposed method.
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Fig. 1 Framework diagram of food image detection task
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Fig.2  Comparison of two mainstream methods for zero-shot food image detection
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Fig.3  Fine-grained features of food
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Fig. 4  Complex attributes of food
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Table 1  The statistical data for the ZSFooD and UEC-FOOD256 datasets

e B %
ERES EUES Bt e T st
ZSFooD 184 44 228 10463 10140 20603

UEC-FOOD256 205 51 256 20452 5732 26184
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Fig. 5  Some sampled images from ZSFooD and UEC-FOOD256
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Fig. 6  Zero-shot food image detection task diagram
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Fig. 7 The overall framework of zero-shot food image detection
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Fig. 9 Feature disentanglement component
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Table 3 Performance comparison of various models on the ZSFooD (%)

GZSD
Ei=ta R FR ZSD
S U HM
ConSE 39.7 58.0 38.1 46.4
BLC 41.2 55.3 40.5 46.8
CZSD 48.0 86.1 44.8 58.9
Recall@100
SU 453 82.3 44.1 57.4
RRFS 48.8 86.6 47.6 61.4
Ours 51.7 86.8 48.1 62.0
ConSE 0.8 54.3 0.7 14
BLC 1.1 51.1 0.9 1.8
mAP
CZSD 4.0 81.2 2.1 4.1

SU 39 79.1 23 4.5



RRFS 4.3 82.7 2.7 52

Ours 4.9 82.5 3.0 5.8
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Table 4 Performance comparison of various models on the UEC-FOOD256 (%)

GZSD

Eitan R4 R ZSD
S 8] HM
ConSE 54.4 50.1 38.2 433
BLC 58.9 55.3 43.8 48.9
CZSD 60.7 57.6 455 50.8

Recall@100
SU 61.9 52.5 52.8 52.6
RRFS 64.8 54.9 55.1 55.0
Ours 67.7 54.8 57.2 55.9
ConSE 11.3 19.7 9.0 12.4
BLC 19.2 20.5 15.2 17.5
CZSD 22.0 20.8 16.2 18.2
mAP

SU 22.4 19.3 20.1 19.7
RRFS 23.6 20.1 22.9 214
Ours 24.1 20.0 24.5 22.0

K5 MELE ZSFOOD E mAP FIMHREEE (%)
Table 5 The ablation experiment of the model's mAP on ZSFOOD (%)
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Table 6 The ablation experiment of the model's mAP on UEC-FOOD256 (%)
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Fig.11 Some visualized detection results on ZSFooD and UEC-FOOD256 datasets
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