
CNN

Application of Memory Reduction into Environmentally Invariant Regressor CNN

Mari Suzuki Makoto Masuda

Corporate Research and Development Center, Oki Electric Industry Co., Ltd.

In recent years, the need for computer vision applications such as object/scene classification has grown rapidly.
For example, tracking of vehicles and recognizing number plates can be used to automatically estimate traffic flow.
These applications require high environmental invariance due to weather conditions, illumination changes, etc.)
as well as compact design and fast rocessing speed in order to be deployed into edge devices.

In this paper, we consider the regression problem for vehicle’s number plate recognition. It is shown in [1]
that recognition accuracy increases if letters/digits are geometrically transformed beforehand to fix distortions or
mis-alignments. However, using CNN to realize such regression task requires a large nunber of parameters.

We propose to use low-rank approximation and fine-tuning to reduce the size of such CNNs. Experiments
show that under various environments, our method is effective in greatly reducing memory consumption without
significantly degrading performance.
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2: ( )

[%] [%] [%] [×10−3] [MB]

100 100 100 3.0486 380

01-01 75 100 83 3.0486 327

01-02 50 100 66 3.0486 273

01-03 25 100 49 3.0486 216

01-04 10 100 39 3.0486 184

01-05 1 100 33 3.0505 165

01-06 0.2 100 33 3.9616 164

02-01 100 75 92 3.0486 355

02-02 100 50 85 3.0486 330

02-03 100 25 78 3.0486 307

02-04 100 10 73 3.0486 294

02-05 100 1 70 3.0486 284

02-06 100 0.2 70 14.7693 260

03-01 75 75 76 3.0486 303

03-02 50 50 51 3.0486 223

03-03 25 25 27 3.0486 144

03-04 10 10 12 3.0487 88

03-05 1 1 4 3.0505 72

03-06 0.2 0.2 3 11.8500 67

3: [×10−3]

3.3483 3.0486 4.5517 3.2876 3.9695 3.6412

03-05 3.3503 3.0505 4.5546 3.2934 3.9667 3.6431

03-06 11.5730 11.8500 13.9007 10.2374 11.5348 11.8192
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4: [ ×10−3]

3.3483 3.0486 4.5517 3.2876 3.9695 3.6412

03-05 3.3503 3.0505 4.5546 3.2934 3.9667 3.6431

03-06 11.5730 11.8500 13.9007 10.2374 11.5348 11.8192

03-06 1 3.4969 3.2837 4.7992 3.3001 4.3357 3.8431

03-06 2 5.6229 4.9533 7.1650 4.6248 6.5373 5.7807

03-06 3 3.5611 3.1971 4.7752 3.2941 4.2582 3.8171
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