Supplementary materials for ‘“Wavelet Inte-
grated CNNs for Noise-Robust Image Classi-
fication”

A. Wavelets

Orthogonal wavelets Daubechies wavelets are or-
thogonal. Table 4 shows their low-pass filter 1 = {l;} with
order p,1 < p < 6. The length of the filter is 2p. The
high-pass filter h = {h;} can be deduced from

hie = (=1)*In_, (19)

where N is an odd number. Daubechies(1) is Haar wavelet.

Biorthogonal wavelets Cohen wavelets are symmetric
biorthogonal wavelets. Each Cohen wavelet has four filters
1, h, 1, and h. While a signal is decomposed using filters 1
and h, it can be reconstructed using the dual filters 1 and h.
Cohen wavelet is with two order parameters p and p. Table
5 shows the low-pass filters with orders 2 < p = p < 5.
Their high-pass filters can be deduced from

hie = (—=1)*In_, (20)
hi, = (=1)*In g, (21)

where N is an odd number. Cohen(1, 1) is Haar wavelet.

Our DWT and IDWT layers are applicable to any dis-
crete orthogonal or biorthogonal wavelets. With slight mod-
ifications, the layers could be applicable to other wavelet
tools, such as multi-wavelets, ridgelet, curvelet, bandelet,
contourlet, dual-tree complex wavelet, etc.

B. More example feature maps for WaveCNets

In deep networks, the down-sampling operations ignor-
ing the classic sampling theorem introduce at least two
drawbacks: breaking basic object structures and accumulat-
ing noise in the feature maps. These drawbacks are related
with the aliasing introduced by the down-sampling, and we
call them aliasing effects in deep networks.

In WaveCNets, DWT is applied to maintain the basic ob-
ject structures and resist the noise propagation, for better
accuracy and noise-robustness. We have shown four exam-
ple feature maps of well trained CNNs and WaveCNets in
Fig. 5. To illustrate more persuasively the application of
DWT in suppressing aliasing effects in deep networks, Fig.
11 and Fig. 12 present more examples.

C. The detailed results on ImageNet-C

ImageNet-C is proposed in [15] to evaluate the robust-
ness of a well-trained classifier to the common corruption-
s. ImageNet-C contains various versions of ImageNet val-
idation images produced with 15 visual corruptions with
five severity levels. We test WaveCNets on ImageNet-C,
and compute the 15 CE values according to Eq. (17). Be-
cause the 15 corruptions are sourced form four categories,
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Figure 14. The weather mCE of WaveCNets.

i.e., noise (Gaussian noise, shot noise, impulse noise), blur
(defocus blur, frosted glass blur, motion blur, zoom blur),
weather (snow, frost, fog, brightness), and digital (contrast,
elastic, pixelate, JPEG-compression), we compute four m-
CE according to Eq. (18) and

1
mCE), =7 >, CEL (22)
c€ {defocus, glass,
motion, zoom}
mCE\{/ealher = Z Z CE{? (23)
c€ {snow, frost,
fog, bright}
1
MCE 1 = 1 > CEL (24)

c € {contrast, elastic,
pixel, jpeg}



Table 4. Low-pass filters of the Daubechies wavelets.

P 1 2 3 1 5 6
1 1++3  0.332670552950  0.230377813309  0.160102397974  0.111540743350
1 3++3  0.806891509311  0.714846570553  0.603829269797  0.494623890398
3—+/3  0.459877502118  0.630880767930  0.724308528438  0.751133908021
1—+/3 —0.135011020010 —0.027983769417  0.138428145901  0.315250351709
—0.085441273882 —0.187034811719 —0.242294887066 —0.226264693965
Ie 0.035226291886  0.030841381836 —0.032244869585 —0.129766867567
0.032883011667  0.077571493840  0.097501605587
—0.010597401785 —0.006241490213  0.027522865530
—0.012580751999 —0.031582039317
0.003335725285  0.000553842201
0.004777257511
—0.001077301085

factor [ 1/v/2 1/(4V2) 1 1 1 1

Table 5. Low-pass filters of the Cohen wavelets.

(p, p) (2,2) (3,3) (4,4) (5,5)
banks 1 1 1 1 1 1 1 1
0 0 0 0.06629126 0 0 0.01345671 0
0.35355339 —0.17677670 0 —0.19887378| —0.06453888 0.03782846|—0.00269497 0
0.70710678 0.35355339|0.17677670 —0.15467961|—0.04068942 —0.02384947|—0.13670658 0.03968709
0.35355339 1.06066017|0.53033009 0.99436891| 0.41809227 —0.11062440{—0.09350470 0.00794811
0 0.35355339(0.53033009 0.99436891| 0.78848562 0.37740286| 0.47680327 —0.05446379
! 0 —0.17677670|0.17677670 —0.15467961| 0.41809227 0.85269868| 0.89950611 0.34560528
k 0 —0.19887378|—0.04068942 0.37740286| 0.47680327 0.73666018
0 0.06629126 | —0.06453888 —0.11062440(—0.09350470 0.34560528
0 —0.02384947|—0.13670658 —0.05446379
0 0.03782846 | —0.00269497 0.00794811
0.01345671  0.03968709
0 0
Table 6. Corruption Error (CE) of WVGG16bn on ImageNet-C (lower is better).
Noise Blur ‘Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |Contrast Elastic Pixel Jpeg mCE
baseline | 86.28 87.48 89.11 87.62| 83.95 94.80 86.36 87.56 88.17[83.25 79.98 72.06 63.53 74.70| 75.02 9522 94.87 88.88 88.50
"7 "haar| 85.80” 86.67 89.82 ~8§7.43] 84.24 95237 85.46 86.84 87.04|84.62" 80.68 72.02 6438 " 7543 [ 75.74 ~ 96.40° 96.49 89.34” 8§9.49°
ch2.2|87.29 87.80 8829 87.79| 83.63 95.63 8491 86.08 87.56|82.70 80.65 71.55 63.64 74.63| 74.66 96.17 92.95 90.34 88.53
ch3.3|86.40 87.39 91.04 8828| 84.03 9590 85.30 86.34 87.89|83.81 81.01 7243 64.14 75.35| 75.18 96.05 93.34 89.73 88.58
ch4.4|85.01 8545 86.44 85.63| 8434 9558 8577 86.59 88.07|84.21 82.11 73.02 64.73 76.02| 76.62 96.72 91.19 90.13 88.67
ch5.5|88.38 89.14 92.01 89.84| 84.56 96.80 86.02 86.77 88.54|86.58 82.51 74.24 65.52 77.21| 76.57 97.50 93.46 90.23 89.44
T7 7 db2]86.547 8827 87.51 “8§7.44] 84.46 ~95.69 85.43" 86.41 83.00|84.37 81.46 72.94 64.76 " 75.88[ 76.57 ~ 96.35 93.14 90.86 89.23"
Table 7. Corruption Error (CE) of WResNet18 on ImageNet-C (lower is better).
Noise Blur ‘Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |Contrast Elastic Pixel Jpeg mCE
baseline | 87.15 88.47 91.30 88.97| 83.82 91.43 86.82 88.70 87.69(86.10 84.40 78.48 6890 79.47| 7829 90.23 80.40 85.46 83.60
"7 "haar| 80.64” 80.94 81.16 ~80.91[ 80.18 ~90.55 84.04 "86.49 85.32|85.04° 819377332 765.78 " 76.52[ 75.72 ~ 87.78 74.87 B7.77 81.54°
ch2.2|80.15 80.49 80.50 80.38| 79.65 89.79 83.61 84.82 84.47|84.91 80.84 73.99 66.34 76.52| 75.07 88.19 75.07 88.61 81.73
ch3.3|80.85 81.44 80.77 81.02| 79.28 91.20 82.71 85.52 84.68|84.48 81.20 71.76 65.44 75.72| 73.77 89.66 77.46 86.06 81.74
ch4.4|81.83 82.65 82.10 82.19| 79.55 91.01 82.88 84.55 84.50|83.91 80.81 73.95 66.27 76.23| 75.67 90.21 78.35 86.10 82.58
ch5.5|83.60 83.87 83.84 83.77| 80.73 91.64 83.04 8545 85.21|84.39 81.42 73.83 67.10 76.68| 76.21 91.07 78.95 89.35 83.89
T7 7 db2]82.307 82.65 82.68 “82:54] 80.16 91227 83.55 84.73 84.92|85.427 81.747 7434 766.51 ~77.00[ 75.92 ~ 90.41" 779.54 91.71 84.39°
db3|83.75 84.14 83.87 83.92| 81.36 90.92 84.14 86.24 85.66(85.01 81.73 75.79 68.14 77.67| 7847 90.02 78.41 89.35 84.06
db4 | 86.00 85.83 86.85 86.22| 82.12 9293 85.75 87.38 87.04|85.31 83.02 77.87 68.97 78.79| 79.33 91.07 74.95 85.63 82.74
db5[8522 8586 8533 8547| 8296 92.65 87.83 88.63 88.02(87.60 8521 78.66 71.33 80.70| 80.85 9I.11 78.21 92.99 85.79
db6 | 86.29 86.73 86.68 86.57| 84.72 94.50 87.73 88.68 88.91|87.88 86.62 80.58 72.81 81.97| 8229 93.46 78.32 95.53 87.40

Table 6 - Table 11 present the detailed CE and mCE
results for WVGG16bn, WResNet18, WResNet34, WRes-

Net50, WResNetl01, WDenseNetl121, respectively.

In

these tables, the “baseline” corresponds to the results of o-
riginal CNN architecture, while “haar”, “chx.y”, and “dbx”
correspond to that of WaveCNets with the wavelets. For
better illustration, Fig. 13, Fig. 14, and Fig. 15 show the
mCE curves for the three corruptions, respectively.

D. Shift-invariance of WaveCNets

In [

], to evaluate the shift-invariance of a classifier f,

the author checks how often the classifier outputs the same
predication, given the same image with two different shifts:

EXJH ,wi,ho,wo 1{arg max Pf (Shifthmwo (X))

= arg max Py (shifty, ., (X))},

(25)
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Figure 11. The feature maps of CNNs (top) and WaveCNets (bottom).
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Figure 12. The feature maps of CNNs (top) and WaveCNets (bottom).



Table 8. Corruption Error (CE) of WResNet34 on ImageNet-C (lower is better).

Noise Blur ‘Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |Contrast Elastic Pixel Jpeg mCE
baseline | 81.36 83.01 84.94 83.10 76.04 86.95 79.59 84.56 81.79(79.87 77.02 69.34 6197 72.05| 71.80 86.17 70.54 74.60 75.78
"7 Thaar| 75.80” 77.21° 76.89 ~76.64] 76.17 ~87.25 76.86 81.08 80.34|80.51" 75.85 68.33 ~60.20 “71.25[ 71.17 ~ 84.10° 71.61 80.17 76.76"
ch2.2]17691 77.56 7836 77.61| 73.49 87.09 7577 80.34 79.17|79.59 75.71 67.25 59.59 70.53| 69.87 86.27 67.28 77.33 75.19
ch3.3|73.73 74.66 7450 74.30| 7442 89.02 76.15 79.83 79.86|79.59 76.74 65.70 58.82 70.21| 68.95 84.51 71.95 77.47 75.72
ch4.4|74.60 7621 77.75 76.19| 7299 8837 73.25 80.17 78.69|79.51 76.01 67.48 60.18 70.80| 69.93 8546 6542 77.37 74.54
ch5.5/75.92 76.68 7541 76.00| 73.60 87.49 75.10 81.23 79.36|78.80 75.99 69.01 60.41 71.05| 71.39 85.86 67.06 77.14 75.36
TT T db2| 71.80 7324 73.16 ~72.73] 73.82 ~86.79 75.68° 81.25 79.38|80.77 76.34767.99 ~60.28 ~71.34[ 70.41 ~ 83.63 65.64 76.41 74.02°
db3| 7577 7678 76.74 76.43| 73777 88.69 76.30 81.03 79.94|80.67 77.12 70.22 60.68 72.17| 72.34 85.61 64.53 81.27 75.94
db4| 7821 79.46 79.19 78.96| 73.51 88.68 76.80 81.70 80.17|79.16 77.38 69.90 61.79 72.06| 71.75 84.77 73.90 79.91 77.58
db5[72.82 73.58 73.06 73.15| 75.88 88.75 80.86 84.83 82.58(80.36 77.29 70.71 62.33 72.67| 72.48 85.18 66.46 80.59 76.18
db6|80.91 81.98 83.17 82.02| 76.35 91.06 81.37 83.92 83.18|82.25 79.69 70.77 63.35 74.02| 7293 87.84 75.06 88.55 81.09

Table 9. Corruption Error (CE) of WResNet50 on ImageNet-C (lower is better).

Noise Blur ‘Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |Contrast Elastic Pixel Jpeg mCE
baseline | 79.77 81.57 82.58 81.31| 74.71 88.61 78.03 79.86 80.30(77.83 74.84 66.11 56.64 68.85| 7143 84.75 76.92 76.82 77.48
"7 Thaar| 77417 78.807 79.22 ~78°48] 71.00 ~86.38 " 76.80° 77.18 777.84|80.22" 74.73766.18 5723 769.59 [ 70.90 ~ 84.06 75.07 76.51 76.64"
ch2.2|76.08 7724 7728 76.87| 71.92 8595 77.54 77.26 78.17|79.24 75.02 69.26 58.44 70.49| 72.25 84.63 68.18 75.86 75.23
ch3.3|74.17 75.63 7531 75.04| 71.67 86.49 77.74 77.89 78.45|80.67 75.50 66.44 57.99 70.15| 71.34 84.87 65.61 74.01 73.96
ch4.4|76.09 7738 76.72 76.73| 72.00 87.03 77.62 78.47 78.78|79.13 75.30 68.80 57.31 70.13| 72.03 85.27 71.17 75.80 76.07
ch5.5|71.49 73.04 71.70 72.08| 72777 86.09 77.61 77.45 78.48|78.55 74.00 67.82 5748 69.46| 71.94 8599 74.05 75.88 76.97
TT T db2]78.647 79.237 78.51 T78:80[ 69.15 ~85.08° 74.56 76.80 76.40|79.15 74.96 68.01 57.76 ~69.97 [ 71.05 ~ 82.56 60.67 78.54° 73.20°
db3|78.74 79.93 7936 79.34| 70.71 86.92 76.26 78.45 78.09|78.32 76.12 67.07 57.44 69.74| 72.04 87.17 70.70 82.13 78.01
db4|77.16 78.62 78.19 77.99| 73.74 88.97 80.20 79.88 80.70(79.74 76.18 69.52 59.29 71.18| 73.49 87.84 74.10 75.27 77.67
db5|77.46 78.80 78.74 78.33| 7536 89.05 78.68 81.08 81.04|81.12 77.97 71.87 61.07 73.01| 7426 85.81 73.96 84.13 79.54
db6|79.23 79.87 80.23 79.78| 77.25 90.20 82.20 82.36 83.00|82.76 79.86 74.50 64.29 7535| 77.66 88.45 81.67 86.14 83.48

Table 10. Corruption Error (CE) of WResNet101 on ImageNet-C (lower is better).

Noise Blur Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |[Contrast Elastic Pixel Jpeg mCE
baseline | 73.59 7531 76.93 75.28| 67.98 81.58 70.86 74.17 73.65|73.26 70.50 62.07 53.40 64.81| 66.83 77.23 64.76 67.11 68.98
"7 Thaar| 70.337 70.95" 70.10 ~70.46| 62.93 ~80.93 64.83" 72.97 70.41|71.54 67.27759.94 "50.46 62.30| 62.23 ~ 76.24 57.39 68.25 66.03
ch2.2| 64.25 6591 65.04 65.06| 63.57 80.35 6822 71.75 70.97|71.55 67.45 60.21 50.13 62.33| 62.890 74.64 52.33 67.96 64.46
ch3.3/69.32 7091 69.24 69.82| 63.78 81.02 71.07 72.00 71.97|71.46 68.60 60.73 51.36 63.04| 64.02 78.16 59.05 64.48 66.42
ch4.4|67.70 69.30 69.71 6891| 6524 81.05 69.61 7236 72.07|71.75 67.18 60.10 50.64 62.41| 63.47 77.76 63.64 66.96 67.96
ch5.5]69.67 71.00 70.21 70.30| 64.22 82.00 70.15 74.12 72.62|71.10 67.21 59.07 50.07 61.86| 62.31 78.53 59.16 65.01 66.25
TT 7 db2169.70” 71337 71.25 T70.76] 65.24 ~ 8150 73.36 7426 73.59|73.66 68.56 61.58 50.65 63.61[ 64.40 ~ 75.81" 62.48 69.27 67.99°

Table 11. Corruption Error (CE) of WDenseNet121 on ImageNet-C (lower is better).

Noise Blur Weather Digital
Gauss Shot Impulse mCE |Defocus Glass Motion Zoom mCE |[Snow Frost Fog Bright mCE |[Contrast Elastic Pixel Jpeg mCE
baseline | 80.79 82.34 83.75 82.29] 76.82 88.72 80.54 82.58 82.16|78.24 74.86 70.18 59.50 70.70| 74.07 87.39 74.47 74.57 77.62
" Thaar| 77.357 78.74” 7891 ~7833] 72.82 ~86.99 79.46 80.04 79.83|78.64 74.61 67.17 58447 69.72| 70.85 ~ 84.16 75.72 77.12 76.96
ch2.2|76.15 77.07 77.69 76.97| 72.07 87.21 78.04 80.84 79.54|79.85 73.58 66.23 57.60 69.32| 69.54 86.15 74.56 77.34 76.90
ch3.3|77.14 77.65 80.15 7831| 73.97 88.14 78.77 80.65 80.38|77.78 74.63 67.03 58.50 69.48| 72.12 85.84 72.26 75.44 76.42
ch4.4|75.26 76.38 76.39 76.01| 71.78 86.93 78.42 79.67 79.20|77.52 73.57 66.06 58.24 68.85| 68.66 85.06 78.18 79.28 77.79
ch5.5|75.45 7649 7686 76.27| 73.27 87.62 77.80 81.31 80.00|76.13 72.75 66.17 58.25 68.32| 7043 8536 73.98 79.51 77.32
T db2]79.147 79.527 80.80 ~79.82] 72.77 86.98 78.21° 81.21 79.79|78.23 74.307 65.03 57.95 68.88| 69.83 ~ 85.96 69.29 81.04 76.53

where E denotes the expectation. Using this criterion, we
evaluate the shift-invariance of WaveCNets and the original
CNNs. Table 12 presents the results.

E. The architectures of SegNet and WaveUNets

SegNet and WaveUNets adopt encoder-decoder architec-
ture, as Fig. 16 shows. The encoder consists of 13 convo-
lutional layers corresponding to the first 13 convolutional
layers in the VGG16bn [33]. Their decoder contains the
same number of convolutional layers with the encoder. Ev-
ery convolutional layer in the former and the corresponding
one in the latter have the same number of channels, except

the first and the last one of the network. In the encoder and
decoder, a Batch Normalization (BN) and Rectified Linear
Unit (ReLU) are implemented after every convolution. A
convolutional layer with kernel size of 1 x 1 converts the
output of decoder into the predicted segmentation result, as
shown in Fig. 16. In Table 13, the first column shows the
input size, though these networks can process images with
arbitrary size. Every number in the table corresponds to a
convolutional layer with BN and ReLLU. While the number
in the column “encoder” is the number of the input channels
of the convolution, the number in the column “decoder” is
the number of the output channels.
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Figure 15. The digital mCE of WaveCNets.

Table 12. Shift-invariance of WaveCNets (higher is better).

WaveCNet
wavelet || VGG ResNet DenseNet
16bn 18 34 50 101 121
baseline || 89.24 | 85.11 87.56 89.20 89.81 88.81
haar || 90.54 | 86.43 88.46 89.93 90.73 89.12
ch2.2 || 91.03 | 87.35 89.02 90.01 91.06 89.52
ch3.3 || 91.32 | 87.71 89.11 90.68 91.33 89.91
ch4.4 || 90.68 | 87.36 89.04 90.22 91.34 89.23
ch5.5 || 90.56 | 86.97 88.74 89.94 O91.11 89.33
db2 || 90.84 | 86.96 88.62 89.69 91.02 89.05
db3 86.79 88.50 89.72
db4 86.44 88.26 89.47
db5 85.88 87.96 88.86
db6 84.84 87.65 87.87

F. The amount of multiply-adds in 2D DWT/IDWT

Given a 2D tensor X with size of M x N and channel C,
the amount of multiply-adds used in 2D DWT inference is

MN? _ 3MN)

(26)

2
4C<MN+ 5 1

Table 13. Deep network configurations.

. the number of channels
data size

encoder decoder
352 x 480 || 3, 64 64, 64
176 x 240 || 64, 128 128, 64
88 x 120 || 128, 256, 256 | 256, 256, 128
44 x 60 256,512,512 | 512, 512, 256
22 x 30 512,512,512 | 512, 512, 512

Table 14. Wavelet related operation ratios.

‘WaveCNet WaveUNet
VGG ResNet DenseNet VGG
16bn 18 34 50 101 121 16bn
non-wavelet (x 10%) [[15.51[ 1.82 3.67 4.12 7.85| 2.88 30.77
wavelet (x 10%)[| 1.43 0.22 0.18 8.57
ratio (%) || 8.44 [10.85 5.69 5.11 2.75| 5.82 21.78

and the amount of multiply-adds used in 2D IDWT infer-
ence is

2 4 @7)

M?N 3MN
4C (MN2 + - ) + 3,
according to Egs. (7) - Egs. (10).
Table 14 presents the ratios of wavelet related multiply-
adds over the total operations for WaveCNets and Wave-
UNets, when the input size is 3 x 224 x 224. We only count

the amount of multiply-adds in DWTj; for WaveCNets.



