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INTRODUCTION

Transfer Learning (TL) to the Rescue!! But ...

* Previous TL models are forecasting models.

* TL models don’t account for spatial
dependencies.
Do not account for semantic dependencies.
Poor performance on unknown test locations.

Particulate Matter 2.5 (PM 2.5): Limitations in PM 2.5 data collection:
Aerosol with size < 2.5 pm. * Remote-sensing Data: inaccurate due to

Causes respiratory and cardiovascular weather-related factors.
illnesses. Ground-sensor Data: equipmentis costly to

Caused due to vehicles, wildfires, etc. install, maintain and scale.

Desigh a solution to achieve spatial transfer learning such that it accounts for spatial and semantic
dependencies, can predict on unknown test locations as well as perform nowcasting.
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DATASETS AND MODELS

Target Dataset Regions Transfer Learning Scenarios

a) California-Nevada (US)[128 a) Simulated Transfer:
sensors] [2] a) Target: California-Nevada;

b) Lima (Peru)[10 sensors][3] Source: Eastern US

b) Target: California-Nevada;
Source: North-eastern US

Real-world Transfer:

a) Target: Lima; Source: Eastern US

METHODOLOGY

Experimental Setup Transfer Learning Models:
Simulated Transfer: a) Nearest Neighbor Weighing (NNW)
# Target sensors: [5,7,9, 11] b) Kullback-Leibler Importance Estimation

Real-world Transfer: Procedure (KLIEP)
# Target sensors: 10 c) Kernel Mean Matching (KMM)

Regression Models: d) Fully-connected NN (FNN)

a) Random Forest (RF)
b) Gradient Boosting (GBR)

Source Dataset Regions
a) Eastern US

b) North-eastern US NNW, KLIEP and KMM are Instance Transfer
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! models and FNN is Parameter Transfer model [1].

it indicating that LDF is suited for instance transfer models.
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