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Food Category Recognition for Meal—Assistance Robots Using MEAL-YOLOvS
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(Institute of Intelligent Rehabilitation Engineering , University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Catering robots have shown great potential in assisting the elderly and people with upper limb disabilities. Food assistance robots
are usually small in size and require good convenience and mobility, so they must adopt lightweight design to operate efficiently and save ener-
gy in limited space. Therefore, a lightweight visual model of MEAL-YOLOVS is proposed to achieve more efficient food classification function,
combining BRA and MSDA attention mechanisms, and integrating the advantages of YOLOv8 and MobileNetV3. After deployment on the JET-
SON NANO BO1 platform, the MEAL-YOLOv8 model has a size of only 2.37 MB, a memory usage of 158 MB, and a classification accuracy
of 91.4%. It has high—precision and low latency visual recognition capabilities, allowing the food aid robot to operate efficiently in resource lim-
ited environments and recognize food in real-time and accurately.
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Table 2 Complexity and accuracy of each algorithm
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model 3 4.01 8.36 9.40 0.901
model 4 1.75 3.54 5.10 0.891
model 5 1.19 2.54 2.80 0.906
model 6 4.87 18.80 7.59 0.801
model 7 1.19 2.54 3.00 0.913
MEAL-YOLOv8 1.09 2.37 2.80 0.914
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Table 3 Comparison results of different models

®3 FEEBBILEER

%] FERIK/NMB - NAE S I/MB BRI ] /ms
model 1 5.97 329 611.29
model 2 130.00 816 10 457.31
model 3 8.36 327 1245.67
model 4 3.54 337 541.73
model 5 2.54 345 597.83
model 6 18.8 300 456.37
model 7 2.54 368 836.51

MEAL-YOLOv8 237 158 563.79
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Table 4 Backbone network comparison
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model 1 DarkNet-53 3.01 0.913
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