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	2. 概要
n動作認識の代表的な手法
• >*#?@'A B-"7*#C3#(D(1"88'673#,(36E"?9:;FG,(>HI  BJ63#K,(L>>M9:;NG
• 動画は高品質で，ビデオフレーム内のOPLが大きいことが前提
nプライバシー保護に関する懸念
• 防犯カメラや携帯電話などのカメラが公共の場やプライベートな場所で映像を記録
• 上記の映像を遠隔地のサーバーに保存することは漏洩や盗難の問題
• 認識や分析に必要な最低解像度の映像を送信
• 極端な低解像度のフレームで効果的な動作認識を行うことが課題
n提案手法
• 極端な低解像度動作認識のための超解像敵対的生成ネットワーク
• 超解像モジュール
• 動作認識モジュール
 


	3. 関連研究
n一般的な動作認識
• 高解像度の動画の動作を認識するために有望な性能が得られている
• MQQ(B-"7*#C3#(D(1"88'673#,(36E"?9:;FG,(O'8@'A  B)'K,(>MRO9:;=G
n低解像度の動作認識
• 逆超解像を提案 BOC**K,(SSSL9:;TG
• プログレッシブ生成アプローチを利用した手法を提案 BI'7"6K,(L>RO9:9;G
n他分野での低解像度問題に対する超解像法
• 超低解像度の顔認証のための手法を提案 BSA3'6U>3#8"%*$0+K,(36E"?9:;VG
• 小物体検出のためのネットワークを設計 BW3"K,(X>>M9:;YG
 


	4. 提案手法
n9つのモジュールから構成
• 超解像モジュール
• 限られた画素数の画像をロバストに復元できる敵対的生成ネットワーク
•  高解像度の学習用動画があることが前提
• 動作認識モジュール
• 時空間表現モデルとしてH次元残差畳み込みネットワーク
Inspired by this, we propose a super-resolution generative adversarial network for
extreme low-resolution activity recognition, which provides a seamless workflow to super-
resolve low-resolution images for analyzing human motion. As shown in Figure 1, our
approach consists of two modules, namely, a super-resolution module and a spatiotemporal
modeling module. Specifically, the super-resolution module can robustly super-resolve
high-resolution images from low-resolution images. The spatiotemporal modeling module
adopts these generated high-resolution videos as inputs for activity recognition. We must
mention that Ugur et al. [9] also proposed a similar method (Prog. DVSR) to ours, which
utilizes a progressive generative approach to improve the quality of low-resolution actions
followed by a action classifier network. Two main differences exist between both methods:
(1) different network structures, including both SR and activity recognition modules are
adopted, and (2) Prog. DVSR [9] introduces a weakly trained attention mechanism to
help focus on the activity regions in videos, while our approach utilizes long temporal
convolution to model the spatiotemporal information in videos.
Figure 1. The overview of our approach.
提案手法の概要
 


	5. 超解像モジュール
nQS@
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nネットワークアーキテクチャ
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SDSR [27] and the relativistic discriminator used in ESRGAN [26].
3.1.2. Network Architecture
Our generator consists of a feature extractor and an upsampler. Figure 3 demonstrates
the general architecture of our generator, and Figure 4 illustrates, in detail, the architectures
of the feature extractor and upsampler. In particular, the feature extractor in the generator
we used in SDSR [27] adopts the dense deep back-projection network (D-DBPN) [28] as the
backbone and improves the ability to extract features from extreme low-resolution images
by utilizing the residual in the residual dense block (RRDB) proposed by Wang et al. [26].
The number of RRDB blocks in our feature extractor is set to 10. To learn effective mapping
from extreme low-resolution images to high-resolution images, the unique architecture
of the upsampler in SDSR [27] is employed. In the upsampler, the features extracted
from extreme low-resolution images are upscaled and downscaled alternatively with deep
back-projection layers. Specifically, the extracted features are upscaled three times and
downscaled two times using the architecture illustrated in Figure 4b. Borrowing the idea
from ESRGAN [27], we adopt the relativistic discriminator [29] to determine whether the
high-resolution label is more realistic than the generated image.
Figure 3. The architecture of our generator.
𝐿!"# = 𝐿$%& + 𝛼𝐿'"() + 𝛾𝐿*+,
生成器のアーキテクチャ
 


	6. 動作認識モジュール
nNつの畳み込み部分から構成
• 第;部分は=F個のT×T×Tの畳み込みフィルタ
• 残りの部分はO'8@'Aブロック
•  グループ畳み込みを行うO'8@'EAを採用
probability of each activity class will be computed by the prediction function H. Here, w
adopt the softmax function for H.
Specifically, the architecture of activity recognition module is shown in Figure 5 and
details of each part are illustrated in Table 1. Our recognizer consists of 5 convolutiona
parts of which the 1st part includes 64 7 ⇥ 7 ⇥ 7 convolutional filters and the remaining
parts are composed of ResNeXt blocks. The series of ResNet block have a strong power on
extracting feature and can alleviate the problem of gradient vanishing. Figure 6 depicts th
block architecture of ResNet series in which ResNeXt is adopted since its group convolution
further eases training and improves performance.
Figure 5. The architecture of our activity recognition module.
Table 1. The architecture of activity feature extractor. F is the number of feature channels correspond
ing in Figure 6, and N is the number of blocks in each layer.
Part Output Size F N
conv1 8 ⇥ 56 ⇥ 56 64 conv 7 ⇥ 7 ⇥ 7, 64
conv2_x 8 ⇥ 56 ⇥ 56 128 8
Specifically, the architecture of activity recognition module is shown in Figure 5 and
details of each part are illustrated in Table 1. Our recognizer consists of 5 convolutional
parts of which the 1st part includes 64 7 ⇥ 7 ⇥ 7 convolutional filters and the remaining
parts are composed of ResNeXt blocks. The series of ResNet block have a strong power on
extracting feature and can alleviate the problem of gradient vanishing. Figure 6 depicts the
block architecture of ResNet series in which ResNeXt is adopted since its group convolution
further eases training and improves performance.
Figure 5. The architecture of our activity recognition module.
Table 1. The architecture of activity feature extractor. F is the number of feature channels correspond-
ing in Figure 6, and N is the number of blocks in each layer.
Part Output Size F N
conv1 8 ⇥ 56 ⇥ 56 64 conv 7 ⇥ 7 ⇥ 7, 64
conv2_x 8 ⇥ 56 ⇥ 56 128 8
conv3_x 4 ⇥ 28 ⇥ 28 256 24
conv4_x 2 ⇥ 14 ⇥ 14 512 36
conv5_x 1 ⇥ 7 ⇥ 7 1024 3
動作認識モジュール
のアーキテクチャ
各ブロックの詳細
特徴チャネルの数 各層のブロック数
 


	7. 学習戦略
nデータ拡張
• 学習セットをマージ
• )!IWN;(B_+'&#'K,(L>>M9:;;G
•  `>4;:;(B-**76*K,(36E"?9:;9G
n.*#$UO3#$'(J'7Z*630(>*#?*0+A"*#8(B.OJ>G
• .*#$UA'67(J'7Z*630(>*#?*0+A"*#8(B.J>G(BM36*0K,(JRS!L9:;TGに従う
• より長い範囲の空間ー時間情報をモデル化し，低解像度動画の表現をよりよく学習
• 入力フレームを;=から=Fに増やす
• より完全な時間的な範囲をカバーし，空間ー時間畳み込みを行う
 


	8. 実験設定
nデータセット
• )!IWN;,(`>4;:;
• 低解像度
•  ;9×;=にリサイズ
• 高解像度
• a"5+a"5補完で元のサイズに戻す
n超解像モジュール
• 入力：低解像度のデータ
• ラベル：高解像度のデータ
• オプティマイザ
• S^37(B_"#$73(D(W3,(36E"?9:;FG
• バッチサイズ：=:
• エポック数：H::
n動作認識モジュール
• B)363K,(>MRO9:;YGの事前学習済み
モデルを用いて，低解像度のデータ
セットでb"#'A+#'
• フレーム数
• ;=,(=F
• パラメータの最適化
• -A*5&38A"5($63^"'#A(^'85'#A(
BR*0C3c D(/+^"A8cC,(;VV9G
4. Experiments
4.1. Dataset
The HMDB51 [20] and Dogcentric [32] datasets have been popula
treme low-resolution recognition evaluation in previous works [3–5,23].
HMDB51 dataset to make a direct comparison between our approach and
The UCF101 [19] dataset is chosen instead of Dogcentric for the following
one hand, our goal is to recognize reliable human, not dog, activities at d
preserve human privacy in extreme low-resolution videos. The videos in
taken from the dog’s viewpoint and record the dog’s activities, such as tu
head to the right/left and playing with a ball. On the other hand, UCF101 c
videos ranging from videos in which humans near the camera to videos in
are poorly visible in the wild, which fits our goal effectively. All these facto
a more reasonable and challenging dataset for extremely low-resolution acti
Specifically, HMDB51 consists of 6766 video clips that are collecte
and web videos with 51 activity categories. UCF101 is a popular video da
13,320 video clips belonging to 101 activity classes. The resolution of the abo
is 240 ⇥ 320 pixels. To simulate an extremely low-resolution dataset, we res
to 12 ⇥ 16 pixels with average downsampling and then resize the 12 ⇥
to their original size using bicubic interpolation. Several corresponding
resolution frames are shown in Figure 7. Then, these datasets are split in
the provided train/test split files.
低解像度 超解像度 高解像度
 


	9. 構成要素の評価
n超解像モジュールの影響
• 超解像モジュールを使用すると性能向上
n.OJ>の影響
• .OJ>を使用すると性能向上
•  時間軸方向の畳み込みを行わないと，動作認識に重要な時間情報のうち，限ら
れた部分しかモデル化できない
Influence of Long-Range Temporal Convolutions. From Table 2 (1st row vs. 3rd row
and 2nd vs. 4th row), we can see that the accuracy drops by 7.5% and 8.1%, respectively,
without long-range temporal convolutions, and from Table 3 (1st row vs. 3rd row and
2nd vs. 4th row), we can see that the accuracy drops by 5.2% and 5.1%, respectively,
without long-range temporal convolutions. The reason is that without long-range temporal
convolution, we can only model a limited amount of the temporal information which is
important for activity recognition. To effectively learn spatial–temporal information in
low-resolution videos, we use long-range temporal convolutions to train our network.
Evaluation of Our Method. As shown in Figure 8, the confusion matrices illustrate
that the performance of our proposed model with the super-resolution module and long-
range temporal convolutions is visually more remarkable than that of our baseline method.
Figure 8b shows that the recognition accuracy of most activities is considerably high.
However, several actions, such as ‘hit’, ‘jump’, and ‘shoot bow’ are misrecognized as
‘swing baseball’, ‘catch’, and ‘laugh’. This is because these actions have similar subactions
and lose too much information in the extreme low-resolution videos, which is demonstrated
in Figure 9.
Table 2. Performance of our proposed method with/without two mechanisms on HMDB51
and UCF101.
Super-Resolution Long-Range Accuracy
Module Temporal Convolutions HMDB51 UCf101
⇥ ⇥ 45.8% 65.3%
X ⇥ 46.6% 66.2%
⇥ X 53.3% 69.6%
X X 54.6% 71.1%
Micromachines 2021, 12, 670 11 of 15
Table 3. Performance of our proposed method with/without two mechanisms on TinyVIRAT.
Super-Resolution Long-Range Temporal F1 Score
Module Convoluton Module TinyVIRAT
⇥ ⇥ 73.89%
X ⇥ 74.11%
⇥ X 79.02%
X X 79.77%
データセット：!"#$%&'()*+&,&
データセット：-./01234-
 


	10. 既存手法との比較結果
n)!IWN;
• 入力が;=,(=Fフレームのどち
らでも提案手法が高性能
approximately 1.5%.  If we follow the set of input frames of previous works, our method
outperforms the second best model by a large margin. Moreover, we make a comparison
on UCF101 dataset between our proposed method and DVSR. Table 5 shows the comparing
result from which we can see our approach outperforms DVSR [9] by a considerable margin
of accuracy. This clearly demonstrates the effectiveness of our method on low-resolution
activity recognition.
Table 4. The performance of the proposed method and other state-of-the-art methods on the 12 ⇥ 16
HMDB51 dataset.
Methods Modalities Input Frames Accuracy
pLRN + Tennet [35] RGB - 21.7%
ISR [23] RGB - 28.68%
Semi-Coupled [3] RGB + Optical flow 64 29.2%
Multi-Siamese [5] RGB + Optical flow 64 37.7%
DVSR [9] RGB 16 41.63%
Fully-Coupled [4] RGB + Optical flow 64 44.96%
Ours RGB 16 46.4%
Ours RGB 64 54.4%
Table 5. The performance of the proposed method and other state-of-the-art methods on the UCF101
dataset. LRTC denotes long-range temporal convolutons.
Method Input Size Accuracy
Bicubic I3D 14 ⇥ 14 14.1%
DVSR 14 ⇥ 14 68.2%
Prog.DVSR 14 ⇥ 14 70.6%
Ours 12 ⇥ 16 66.2%
Ours + LRTC. 12 ⇥ 16 71.1%
importantly, in the case where only 16-RGB frames are used as input, our method still
obtains better performance than the second-best low-resolution recognition model by
approximately 1.5%. If we follow the set of input frames of previous works, our method
outperforms the second best model by a large margin. Moreover, we make a comparison
on UCF101 dataset between our proposed method and DVSR. Table 5 shows the comparing
result from which we can see our approach outperforms DVSR [9] by a considerable margin
of accuracy. This clearly demonstrates the effectiveness of our method on low-resolution
activity recognition.
Table 4. The performance of the proposed method and other state-of-the-art methods on the 12 ⇥ 16
HMDB51 dataset.
Methods Modalities Input Frames Accuracy
pLRN + Tennet [35] RGB - 21.7%
ISR [23] RGB - 28.68%
Semi-Coupled [3] RGB + Optical flow 64 29.2%
Multi-Siamese [5] RGB + Optical flow 64 37.7%
DVSR [9] RGB 16 41.63%
Fully-Coupled [4] RGB + Optical flow 64 44.96%
Ours RGB 16 46.4%
Ours RGB 64 54.4%
Table 5. The performance of the proposed method and other state-of-the-art methods on the UCF101
dataset. LRTC denotes long-range temporal convolutons.
Method Input Size Accuracy
Bicubic I3D 14 ⇥ 14 14.1%
DVSR 14 ⇥ 14 68.2%
Prog.DVSR 14 ⇥ 14 70.6%
Ours 12 ⇥ 16 66.2%
Ours + LRTC. 12 ⇥ 16 71.1%
データセット：!"#$%&
データセット：)*+&,&
n`>4;:;
• .OJ>を行うとIM-Oを上回る
 


	11. まとめ
n極端な低解像度の動画に含まれる動作を認識する手法を提案
• 超解像モジュール
• 低解像度フレームから超解像フレームを生成
•  失われた情報を回復して認識率を向上
• 動作認識モジュール
• 復元されたフレームを入力として，動作のカテゴリを予測
n既存手法に比べて最先端の精度性能を向上をさせることを確認
 


	12. 予備スライド
  


	13. 特徴抽出器，アップサンプラー
n特徴抽出
• OOIWブロックの数を;:個に設定
Micromachines 2021,  12, 670
6 of 15
nアップサンプラー
• 極端な低解像度の画像から抽出した
特徴量を，^''Z(a35cUZ6*d'5A"*#層に
よってアップスケールとダウンスケー
ルに交互に変換
 


	14. 提案手法の視覚的評価
nベースラインよりも高性能
Micromachines 2021, 12,  670 12 of 15
Figure 8. Confusion matrix on the 12 ⇥ 16 HMDB51 dataset. The X-axis denotes the predicted labels, and the y
the ground truth labels. (a) The result of our baseline model without the super-resolution module and long-ra
convolutions. (b) The result of our proposed model with a super-resolution module and long-range temporal
Figure 8. Confusion matrix on the 12 ⇥ 16 HMDB51 dataset. The X-axis denotes the predicted labels, and the y-axis presents
the ground truth labels. (a) The result of our baseline model without the super-resolution module and long-range temporal
convolutions. (b) The result of our proposed model with a super-resolution module and long-range temporal convolutions.
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	15. 損失関数
n!-X(0*88(
nR'65'ZA"*#(0*88
nS^?'6836"30(0*88(
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𝐼35：高解像度画像
𝐼75：低解像度画像
𝑟𝑊, 𝑟𝐻：高解像度画像のサイズ
𝑟：ダウンサンプリングの係数
𝑊, 𝐻：MQQネットワークによって
抽出された特徴量マップの次元
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