course reviews



Neural Networks

An artificial network consists of a pool of simple processing
units which communicate by sending signals to each other
over a large number of weighted connections.
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input  weights computation output

f(W1X1 + WoX2 + W3X3)
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input  weights computation output

\

f(W1X1 + WoX2 + W3X3)

these weights are “learned”



input  weights computation output

many choices for function f()
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learn weights (w) that yield correct output for (large) training set
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classity using learned weights
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Classifiers

Linear Discriminant Analysis (LDA)

easy to implement
easy/fast to “train”

doesn’t require a lot of data
robust

easy/fast to classify

+ + 4+ + +

- only works If data is linearly separable
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Classifiers

Non-Linear Support Vector Machine (SVM)

+ works It data is not linearly separable
+ easy/fast to classity

- harder to implement

- harder to “train”

- requires a lot of data

ess robust (over-training)




Classifiers

Neural Networks

+ works It data is not linearly separable
+ easy/fast to classity

- harder to implement

- harder to “train”

- requires a lot of data

ess robust (over-training)
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Receiver Operating Characteristic (ROC)
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Area Under Curve (AUQC)

0.90-1.00 = excellent

0.80-0.90 = good
0.70-0.80 = fair
0.60-0.70 = poor
0.50-0.60 = tall

True positive rate

False positive rate



Reading License Plates using Neural Networks
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« 6 resolutions

* 5 noise levels

« 12 observers

« /5 images/observer

Human



Width Noise (SNR)

(pixels) | .30 0.0 3.0 7.0 20.0
55 528 | 889 | 972 | 1000 | 97.2
45 50.0 | 750 | 86.1 01.7 | 100.0
35 333 | 639 | 806 | 806 | 97.2
25 0.0 139 | 333 | 528 | 778
15 0.8 0.8 5.6 11.1 0.8
12 : : : : :

Chance = 2.8%

Human
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Width Noise (SNR)

(pixels) | .30 0.0 3.0 7.0 20.0
55 528 | 889 | 972 | 1000 | 97.2
45 50.0 | 750 | 86.1 01.7 | 100.0
35 333 | 639 | 806 | 806 | 97.2
25 0.0 139 | 333 | 528 | 778
15 2.8 2.8 5.6 11.1 0.8
12 : : : : :

Chance = 2.8%

Human
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Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 60.9 | 84.1 | 952 | 99.0 | 100.0
45 | 492 | 749 | 916 | 98.1 | 100.0
35 | 339 | 59.2 | 81.8 | 954 | 100.0
25 | 164 | 312 | 53.8 | 825 | 100.0
15 | 57 | 88 | 153 | 321 | 984
12 | 50 | 71 | 111 | 222 | 887

Chance = 2.8%

Correlation



Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 60.9 | 841 | 952 | 99.0 | 100.0
45 | 492 | 749 | 916 | 98.1 | 100.0
35 | 339 | 59.2 | 818 | 954 | 100.0
25 | 164 | 312 | 538 | 825 | 100.0
15 | 57 | 88 | 153 | 321 | 984
12 | 50 | 71 | 111 | 222 | 887
H | 528 | 889 | 97.2 | 100.0 | 97.2
H | 500 | 75.0 | 86.1 | 91.7 | 100.0

Chance = 2.8%

Correlation



Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 60.9 | 84.1 | 952 | 99.0 | 100.0
45 | 492 | 749 | 916 | 98.1 | 100.0
35 | 339 | 59.2 | 818 | 954 | 100.0
25 | 164 | 312 | 538 | 825 | 100.0
15 | 57 | 88 | 153 | 321 | 984
12 | 50 | 71 | 111 | 222 | 887
H 00 | 139 | 333 | 528 | 77.8
H 28 | 28 | 56 | 111 | 28

Chance = 2.8%

Correlation
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high dimensionality

CNN Training
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Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 64.8 | 83.9 | 89.7 | 92.2 | 93.8
45 | 436 | 724 | 872 | 917 | 937
35 | 183 | 532 | 775 | 88.7 | 931
25 | 26 | 148 | 409 | 710 | 886
15 | 0.1 03 | 1.1 42 | 311
12 | 0.1 02 | 05 | 12 | 47

Chance = 0.002%

CNN Synthetic Testing Accuracy
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Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 64.8 | 83.9 | 89.7 | 92.2 | 93.8
45 | 436 | 724 | 872 | 917 | 937
35 | 183 | 532 | 775 | 88.7 | 931
25 | 26 | 148 | 409 | 710 | 886
15 | 0.1 03 | 1.1 42 | 311
12 | 0.1 02 | 05 | 12 | 47

Chance = 0.002%

H C
70.5 | | 99.3
42.2 | | 42.0
26.1 | | 20.7
0.2 3.0

0.002] | 0.07
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Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 648 | 839 | 89.7 | 922 | 9338
45 | 436 | 724 | 872 | 917 | 937
35 | 183 | 532 | 775 | 88.7 | 931
25 | 26 | 148 | 409 | 71.0 | 886
15 | 0.1 03 | 1.1 42 | 311
12 | 0.1 02 | 05 | 12 | 47
H 00 | 027 | 36 | 149 | 474
C 04 | 30 | 156 | 56.1 | 100.0

Chance = 0.002%

CNN Synthetic Testing Accuracy




Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 64.8 | 83.9 | 89.7 | 92.2 | 93.8
45 | 436 | 724 | 872 | 917 | 937
35 | 183 | 532 | 775 | 88.7 | 931
25 | 26 | 148 | 409 | 710 | 886
15 | 0.1 03 | 1.1 42 | 311
12 | 0.1 02 | 05 | 12 | 47
H | 0002|0002 | 002 | 013 | 0.002
C | 002 | 007 | 04 | 33 | 952

Chance = 0.002%

CNN Synthetic Testing Accuracy




Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 538 | 715 | 814 | 854 | 91.2
45 | 277 | 583 | 759 | 882 | 90.2
35 | 104 | 407 | 57.4 | 771 | 87.2
25 | 25 | 103 | 31.0 | 52.7 | 75.2
15 | 00 | 00 | 15 | 28 | 236
12 | 02 | 05 | 00 | 00 | 12

Chance = 0.002%

CNN Real Testing Accuracy




Width Noise (SNR)

(pixels) 30 00 30 70 200
55 | 538 | 715 | 814 | 854 | 91.2
45 | 277 | 583 | 759 | 882 | 90.2
35 | 104 | 407 | 57.4 | 771 | 87.2
25 | 25 | 103 | 31.0 | 52.7 | 75.2
15 | 00 | 00 | 15 | 28 | 236
12 | 02 | 05 | 00 | 00 | 12

CNN | 26 | 148 | 409 | 71.0 | 886

Chance = 0.002%

CNN Real Testing Accuracy
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