Online Class-Incremental Learning For Real-World

Food Image Classification

Siddeshwar Raghavan, Jiangpeng He, Fengqing Zhu
Elmore Family School of Electrical and Computer Engineering, Purdue University

VIPER

Video and Image Processing Laboratory

PURDUE

UNIVERSITY

Elmore Family School of Electrical
and Computer Engineering

Rapid Change of Data Over Time

Online Class Incremental Learning Real World Food Image Classification
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* Rapidly changing data

* Classification models learnt from static datasets —
not representative of real-world conditions

* New categories of food introduced over time

* Not practical to re-train models from scratch
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Objectives: (a) Continuously changing data stream - no access to old data (b) Remove
data appearance constraints (e.g., fixed sample sizes, no repetitions, fixed task sizes)
Theoretical limit: Distribution uncertainties in real world scenarios

Our method: Realistic Data Distribution Module (RDDM) and Dynamic Model Update (DMU)
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world food 1mage classification.

Contribution and Future Work
¢ introduce a novel Realistic Data Distribution Module (RDDM) to simulate real-world food consumption patte

along with a pluggable Dynamic Model Update (DMU) module setting a benchmark for Online Class Incremental
KLearning, particularly in real-world situations. This takes us a step closer towards achieving lifelong learning in real
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ur Code is open source!
@can the QR code to check our paper and code
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