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Methodologies

» Stochastic Neural Networks
* Recurrent Neural Network
* Reinforcement Learning
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* Al-Driven Load Signature Extraction

300 +

* Edge-Cloud Collaborative Analytics 5 2%

o 100+

* Adaptive Pattern Recognition with Self-Learning Systems

25 A

(a)
1200 . . . .

1000
800
600
400 T

ol T 1

0
0 2000 4000 (b) 6000 8000 10000

Power (W)
S

T

W)

Total Power(Watt)

Power (

Appliance 4

Appliance 3

c—
Power (W)

Appliance 2

On-off States

Tt

Appliance 1

0 2000 4000 6000 8000 10000
Sample

Total Power Consumption

25

50 75 100 125 150

Baseline Power

175

200

15 4

25

50 75 100 125 150

x2 Power (Device B)

175

200

150 +

100 +

50 A

25

50 75 100 125 150

X1 Power (Device A)

175

200

150 +

100 +

50 +

25

50 75 100 125 150

175

200




	Slide 1: Energy Data Analytics
	Slide 2: Graph Sensor Data Analytics
	Slide 3: Sensor-Driven Reliability Modeling
	Slide 4: Fault Detection from Image+Graph Data
	Slide 5

