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(1). ‘Filter pruning by image channel reduction in pre-trained convolutional neural

networks’ ¢t

SCl 2 X'2 MTAP(Multimedia Tools and applications) 1 XX} =2A|X| U E3|S

Abstract: There are domain-specific image classification problems such as facial emotion and house number
classifications, where the color information in the images may not be crucial for recognition. This motivates us
to convert RGB images to gray-scale ones with a single Y channel to be fed into the pre-trained convolutional
neural networks (CNN). Now, since the existing CNN models are pre-trained by three-channel color images, one
can expect that some trained filters are more sensitive to colors than brightness. Therefore, adopting the single
channel gray-scale images as inputs, we can prune out some of the convolutional filters in the first layer of the
pre-trained CNN. This first-layer pruning greatly facilitates the filter compression of the subsequent convolutional
layers. Now, the pre-trained CNN with the compressed filters is fine-tuned with the single-channel images for a
domain-specific dataset. Experimental results on the facial emotion and Street View House Numbers (SVHN)
datasets show that we can achieve a significant compression of the pre-trained CNN filters by the proposed
method. For example, compared with the fine-tuned VGG-16 model by color images, we can save 10.538 GFLOPs
computations, while keeping the classification accuracy around 84% for the facial emotion RAF-DB dataset.
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o .
ofof et M ZHOIAl task HO[E{M[O|20l RAF-DB Of T} 22t Zatet =¥ ojujx|z Mogtadt &
DO Y5 HIISHYD Y52 1% YEo| O[3t Ao UG, et ZHOANTH 22 task B 3 Al
Zete AH 3T WEYD0 oM LhRol S TEO et 1Qo FEN0| B B Holzt 7,

1=

taylor-expansion based filter pruning 2®1} sparse structure selection pruning 7|20 CHsH 1 XHE =
Yoz He T HEYS M &= 280 S7Iettte A M/ Hez 2.

Zp+1

Pre-trained
Network
Sensitivity score | Filter reduction at the
RGB RGBto Y first convolutional layer
training conversion and fine-tuning
: dataset with 1Ch ¥ images
P (k+1)
Ze 9 ( o+ ) Compute the sensitivity
. 1 88 —q score® (z}’”) for all
)Y — IC
9(2, ) = ‘azﬁz‘“ lq' filters in each layer ne
( (k n) .
¢ Remove low ranked Does the size of
; filters by 10% of the the compressed
original network filters
Zp-1 3
2
E—
= | Fine-tuning with 1Ch ¥ yes
= = 3 - & images
= =% T
——7 S
2 dataset conversion
Fig. 2 Calculations of sensitivity scores for cach feature map (activation output) in Eq. (4) Fig.3 Block disgram of the all-layer fiter compression
Q) Springer §) Springer
Input RGB &
Table 4 Comparisons of classification accuracies between 3Ch RGB (all-layer compressions without the first-
layer pruning) and 1Ch Y (all-layer compressions after the first-layer pruning) models for VGG-16 [22] and
Grad-CAM RAF-DB [15] datasets
for label class
Target percentage of filter 3Ch RGB IChY
pruning
Input Y Accuracy Processing #FLOPs  Accuracy Processing # FLOPs
time time
Grad-CAM 40% 84.84% 1237 ms 6.970G 85.36%  11.81 ms 6.545G
for label class 50% 83.83% 10.86 ms 5.301G 85.17%  10.07 ms 5.003G
60% 83.14% 848 ms 3.751G 83.51%  7.66 ms 3.462G
angry disgust fear happy neutral sad surprise 7% 81.78% 643 ms 2.448G 82.37% 591 ms 2.058G
Fig. 1 Examples of the gradient-weighted class activation mapping (Grad-CAM) [21] visualizations.: Top two  80% 77.51% 523 ms 1.571G 79.66%  4.93 ms 1.297G
rows are RGB images and the corresponding Grad-CAM from the RGB-trained VGG-16 [22] and the bottom  9()&, 54.95% 4.08 ms 415274 M 56.12% 3.98 ms 373.043 M

two rows are Y images and the corresponding Grad-CAM from the Y-trained VGG-16
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(2). ‘Deep learning based model for detecting sewer pipe defects’ H+
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3. MALZIE HT 0] (2)

(1). ‘Volume dropout on 3D convolutional neural network for video action recognition’
MAL S9l=E 2 A

Abstract: The number of labeled videos is often insufficient to train lots of parameters associated

with deep 3D CNN. Therefore, to diversify the given labeled videos and to alleviate the network

overfitting, video augmentation is necessary in training 3D CNN. Meanwhile, when using 2D CNN,

which is trained by 2D images has proved that the image augmentation using regional dropout

makes the network to focus on less discriminative areas of the image and to alleviate the overfitting

problem. This motivates us to extend the spatial dropout in 2D images into the 3D volume dropout

for videos. In this paper, we propose a novel video augmentation technique for video action

recognition with using 3D CNN.

HAPLHE: 7|E2| 2D deep learning &0t= &3 HO|HE Qlot F2 A58 WMA|Z|7] fIgt
CiYst DOl S0l MA|ZRA2Lt, 3D H|C|20] CHshM AFIF O|FO{X|X| %S [MEtA
HO 20 M8 £+ UAes T4 Lo dist AFE A, 7|F O|0[X|o HEAl Folt Hs52
HOl Cutout 54 HHEES UTAIF HICI20| HE8Y = A= 25 ES0IR 7|ES Hote ofef
Jga 2o 28 0238 HMEYst, A2 MENC element-wise &2 & HIOHE
CHele = AZ. HICIREs A|2tH0| EXSEE S7H8 EFOHZ(spatial dropout)dt, A|Z+HA
C =02 YH(temporal dropout) & 7tHX| HEHES HStRAZ. 24 LHE S two-stream 3D
CNNOf CHs{ HMDB-51 HIO|E{#0|A2 2HYS M, Z|Cf 1.75%2 45 dd= EY
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(2). ‘StackMix and TubeMix : Video augmentation strategy for action recognition’ ¥+
Abstract: The number of labeled videos is often insufficient to train lots of parameters associated with deep 3D
CNN (Convolutional Neural Network). Therefore, to diversify the given labeled videos and to alleviate the network
overfitting, a video augmentation is necessary in training 3D CNNs. Meanwhile, deep CNNs trained by 2D images
have already proven that the image augmentation using regional dropout makes the network to focus on less
discriminative areas of the image and to alleviate the overfitting problem. That is, many studies have shown that
the augmentation method of mixing two images and their ground truth enhances the performance of 2D CNNs.
This motivates us to extend the spatial dropout in 2D images into the volumetic dropout for videos. Since the
video data have two domains of space and time, we can extend the dropout into the two domains, both spatially
and temporally. Specifically, we propose novel augmentation strategies, Tubemix and Stackmix. The Tubemix is
to mix two videos samples in a video-in-video fashion to enjoy the spatial dropout effect. Similarly, the Stackmix
is to combine two videos in a video-to-video fashion to have a temporal dropout effect. Experimental results on
the UCF-101 and HMDB-51 datasets show the accuracy improvements around 1.45% and 1.24%, respectively,
with the proposed video augmentations.
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