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摘 要

摘 要

⼿语是聋哑⼈群体内以及聋哑⼈与外界交流的主要途径，⾃动⼿语识别系

统能够搭建聋哑⼈与健听⼈沟通的桥梁，改善聋哑⼈的⽣活质量，具有重要的科

学研究价值和社会意义。随着深度学习技术的⼴泛研究，卷积神经⽹络等被引⼊

这⼀领域并使得⼿语识别的性能有了显著的提⾼。已有的深度学习⼿语识别框

架，普遍需要先⾏检测定位出⼿、脸等关键区域，减少背景和⾝体其他区域对识

别的影响。然⽽，此类检测-识别分段进⾏的⽅法，需要进⾏独⽴的调参，和更

多的预处理步骤，相对困难，且⽆法将区域识别和⼿语分类的特征信息进⾏有效

共享。因此，本⽂提出在同⼀个深度学习⽹络架构内，将⼿部等关键时空区域的

判别和⼿语分类相结合，利⽤注意⼒机制对有效特征进⾏关注，实现端到端的⾃

动⼿语识别，有效提⾼⼿语识别的效率，并保持⼀定的识别精度。

关键词：⼿语识别，多任务学习，注意⼒机制，伪三维残差卷积⽹络，ChaLearn

数据集
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Abstract

Abstract

For deaf-mute people, sign language is the main way to communicate inside their

group and with the outside world. Automatic sign language recognition system can

bridge the communication between deaf-mute people and hearing people, improve the

quality of life of deaf-mute people, and has important scientific research value and so-

cial impact. With the extensive study of deep learning technology, convolutional neural

networks were introduced into this field and the performance of sign language recogni-

tion has been significantly improved. Existing deep learning sign language recognition

frameworks generally need to detect and locate key areas such as hand and face, and

reduce the influence of background and other body regions on recognition. However,

this kind of methods which break down detection and recognition into several modules,

requires independent training for different modules and more preprocessing steps, is

relatively difficult, and cannot effectively share the feature information of region recog-

nition and sign language classification. Therefore, we propose to combine the identi-

fication of key temporal and spatial regions and sign language classification into one

deep learning network architecture, using attention mechanisms to focus on effective

features, and realizing end-to-end automatic sign language recognition. Our proposed

architecture can enhance the efficiency of sign language recognition and maintain a

comparable recognition accuracy with state-of-art work.

Keywords: Sign Language, Multi-task Learning, AttetionMechanism, P3D, ChaLearn

Dataset
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第 1 章 引⾔

第 1章 引⾔

1.1 研究背景及意义

⼿势识别由于其在⼿语识别翻译、⼈机交互、机器⼈控制与虚拟现实中的⼴

泛应⽤，近年来在机器视觉领域得到了⼴泛的关注。其中，⼿语是聋哑⼈群体内

及聋哑⼈与外界交流的主要途径；⽽研究开发⾃动⼿语识别系统，能够搭建聋哑

⼈与健听⼈沟通的桥梁，改善聋哑⼈的⽣活质量，具有重要的科学研究价值和社

会意义。

⼿势与⼿语的识别涉及对⼈体动作的检测和理解，在实际应⽤中由于数据

和任务的不同，⾯临着种种挑战。例如，⼿势⼿语数据会受⽤户肤⾊、服装、环

境的背景、光照等因素的影响，造成识别成功率下降；同时，识别数据常为动态

视频，⽤户不同的运动速度、⼿型、运动轨迹等会影响识别系统的泛化能⼒。除

此之外，部分⼿势，在不同的情境下会有截然不同的意思，例如 “V”字⼿势可能

表达 “胜利”之义，在有些情况之下也会表达数字 “2”。本⽂主要关注如何设计端

到端的深度⽹络识别系统，实现对孤⽴⼿语词汇的有效识别。

⼿势识别系统的设计也伴随着数据采集设备的发展⽽进步。早期，研究者利

⽤数据⼿套采集⼿形和位置的相关数据，并设计相关识别系统 (Wang et al., 2002;

Kong et al., 2008)。然⽽，此类设备⼗分昂贵，且不便于使⽤，限制了⼿语识别系

统在⽇常⽣活场景中的应⽤。所以，有些研究者利⽤普通摄像设备，简化⼿语数

据的采集流程 (Wang et al., 2010)。但 RGB 视频数据极易受到光照和背景的影响，

使得⼿的检测和连续⼿语视频的分割⾮常困难。随着微软 Kinect(Zhang, 2012)等

设备的引⼊，深度信息可以和颜⾊信息同时进⾏采集，给识别系统提供了颜⾊之

外的距离信息，使设计便捷⾼效的⼿势识别系统成为可能。所以，更多的研究者

也把关注点转向了如何提升在 RGB-D ⼿语数据上的识别性能，许多数据集也公

开发布，包括本⽂实验采⽤的 ChaLearn LAP Large-scale Isolated Gesture Dataset

（IsoGD）(Wan et al., 2016)。

1.2 国内外研究现状

⼿势与⼿语识别相关研究已经在学界开展数年。早期，研究者利⽤⼿⼯设计

的特征来进⾏识别算法的设计，包括帧级特征和时空性特征。利⽤帧级特征的识

别算法需要引⼊描述序列数据的模型，例如隐马尔科夫模型（HMM）(Malgireddy

1
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et al., 2013; Yamato et al., 1992)，条件随机场（CRF）(Wang et al., 2006)和动态时间

规整算法（DTW）(Corradini, 2001)等。与帧级特征不同，时空性特征能够描述⼿

势的动态变化，能够更有效地处理视频数据。此类研究⼤部分从时间维度拓展了

原有的⼆维特征，包括 3D Harris corner detector (Laptev, 2005)，3D scale-invariant

feature transform（SIFT）(Scovanner et al., 2007)，speeded-up robust features（SURF）

(Willems et al., 2008)，3D HOG (Klaser et al., 2008) 等。

ChaLearn LAP IsoGD (Wan et al., 2016) 等⼿势⼿语⼤型数据集的出现，为深

度学习技术在⼿势⼿语识别中的应⽤提供了可能。卷积神经⽹络（CNN）能够

⾃主地从图⽚或视频中提取⾼层次语义特征，吸引了⼤量研究者的关注。⽽此类

算法需要⼤量数据的⽀撑，⾜够的数据才能训练得到有⼀定泛化能⼒和鲁棒性

的模型。ChaLearn LAP 数据集从原有 ChaLearn Gesture Dataset（CGD）数据集

(Guyon et al., 2013) 整理得到，合并统⼀了⼀些具有很强相似性的⼿势类别，并

⼿⼯标注划分了原有数据，得到了具有 249 类，总数接近五万样例的 IsoGD 和

ConGD 数据集，为⼿势⼿语算法的设计和评价提供了资源。

近两年，基于深度学习的⼿势⼿语识别算法随着数据的发展也有了⼀定的

进展。静态数据上，Nagi et al. (2011) 将最⼤池化训练⽤于⼈机交互的⼿势识别

系统；动态数据上，从Karpathy et al. (2014)将深度学习引⼊视频分类开始，逐渐

产⽣了基于 RGB 信息和光流的双流识别⽹络 (Simonyan et al., 2014)，以及引⼊

时间维度进⾏三维卷积的 C3D (Tran et al., 2015)等，研究者逐渐有了能够提取视

频数据深度特征的⼯具，并在 ChaLearn LAP IsoGD 和 ConGD 数据上进⾏了有

效的尝试 (Liu et al., 2017; Miao et al., 2017)。

1.3 本⽂研究内容及主要贡献

本⽂设计了多任务学习的深度学习⽹络架构，将⼿部等关键时空区域的判

别和⼿语分类相结合，通过注意⼒机制使⼿脸检测的学习结果辅助提升⼿语识

别的精度。通过此架构，可以减少对输⼊数据的预处理步骤，提升识别效率。也

能够将不同任务的特征信息有效共享，使学习到的特征更紧致且更有益于⽬标

任务的学习，最终提升⼿语识别分类性能。

本⽂探索了如何在视频分类卷积神经⽹络有效引⼊注意⼒机制。现有的卷

积⽹络注意⼒⼯作多集中于⼆维数据 (Wang et al., 2017; Fu et al., 2017)，即图⽚

分类，仅关注空间维度。本⽂利⽤伪 3D残差卷积⽹络空间 (Qiu et al., 2017)维度

和时间维度分离的特点，同时进⾏特征注意⼒遮罩分析，利⽤了视频输⼊的时序

2
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性特点，提升了性能。

在多任务学习⽅⾯，本⽂亦探索了在视频识别三维卷积⽹络中引⼊检测位

置的模式，包括先学习位置后学习⼿语分类的串⾏模式，和同时学习的并⾏模

式。对这两种模式进⾏了性能评估，分析了精度差异问题的可能成因。

结合多任务学习框架和注意⼒机制，本⽂所提模型在 ChaLearn IsoGD (Wan

et al., 2016) 上达到了与当前最⾼⽔平可⽐的性能。

1.4 本⽂组织结构

为使读者对研究背景和设计思路有充分了解，引⾔后本⽂将按照相关研究

⼯作，框架整体及分模块介绍，实验分析结果及结束语依次展开说明。

3
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第 2章 相关⼯作

除⼿势⼿语识别相关研究以外，本课题也涉及了⼀般类三维卷积视频识别

⽹络，物体检测和语义分割，基于卷积⽹络的注意⼒机制。本章将对这些领域的

相关⼯作进⾏介绍。

2.1 三维卷积视频识别⺴络

视频数据可视为多帧连续变化的⼆维图像数据的组合，设计识别视频数据
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Figure 3. Bottleneck building blocks of Residual Unit and our Pseudo-3D.

shortcut connection from S to the final output, making the

output xt+1 as

(I+ S+T · S) ·xt := xt +S (xt) +T (S (xt)) = xt+1. (5)

Bottleneck architectures. When specifying the archi-

tecture of 2D Residual Unit, the basic 2D block is modified

with a bottleneck design for reducing the computation com-

plexity. In particular, as shown in Figure 3(a), instead of a

single spatial 2D filters (3 × 3 convolutions), the Residual

Unit adopts a stack of 3 layers including 1 × 1, 3 × 3, and

1×1 convolutions, where the first and last 1×1 convolution-

al layers are applied for reducing and restoring dimensions

of input sample, respectively. Such bottleneck design makes

the middle 3 × 3 convolutions as a bottleneck with smaller

input and output dimensions. Thus, we follow this elegan-

t recipe and utilize the bottleneck design to implement our

proposed P3D blocks. Similar in spirit, for each P3D block

which purely consists of one spatial 2D filters (1 × 3 × 3
convolutions) and one temporal 1D filters (3× 1× 1 convo-

lutions), we additionally place two 1 × 1 × 1 convolutions

at both ends of the path, which are responsible for reduc-

ing and then increasing the dimensions. Accordingly, the

dimensions of the input and output of both the spatial 2D

and temporal 1D filters are reduced with this bottleneck de-

sign. The detailed bottleneck building architectures on all

the three P3D blocks are illustrated in Figure 3(b) to 3(d).

3.3. Pseudo­3D ResNet

In order to verify the merit of the three P3D blocks,

we first develop three P3D ResNet variants, i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet by replacing

all the Residual Units in a 50-layer ResNet (ResNet-50)

[7] with one certain kind of P3D block, respectively. The

comparisons of performance and time efficiency between

the basic ResNet-50 and the three P3D ResNet variants are

presented. Then, a complete version of P3D ResNet is pro-

posed by mixing all the three P3D blocks from the view-

point of structural diversity.

Table 1. Comparisons of ResNet-50 and different Pseudo-3D

ResNet variants in terms of model size, speed, and accuracy on

UCF101 (split1). The speed is reported on one NVidia K40 GPU.

Method Model size Speed Accuracy

ResNet-50 92MB 15.0 frame/s 80.8%

P3D-A ResNet 98MB 9.0 clip/s 83.7%

P3D-B ResNet 98MB 8.8 clip/s 82.8%

P3D-C ResNet 98MB 8.6 clip/s 83.0%

P3D ResNet 98MB 8.8 clip/s 84.2%

Comparisons between P3D ResNet variants. The

comparisons are conducted on UCF101 [27] video ac-

tion recognition dataset. Specifically, the architecture of

ResNet-50 is fine-tuned on UCF101 video data. We set the

input as 224× 224 image which is randomly cropped from

the resized 240 × 320 video frame. Moreover, following

[36], we freeze the parameters of all Batch Normalization

layers except for the first one and add an extra dropout lay-

er with 0.9 dropout rate to reduce the effect of over-fitting.

After fine-tuning ResNet-50, the networks will predict one

score for each frame and the video-level prediction score

is calculated by averaging all frame-level scores. The ar-

chitectures of three P3D ResNet variants are all initialized

with ResNet-50 except for the additional temporal convo-

lutions and are further fine-tuned on UCF101. For each

P3D ResNet variant, the dimension of input video clip is

set as 16 × 160 × 160 which is randomly cropped from

the resized non-overlapped 16-frame clip with the size of

16 × 182 × 242. Each frame/clip is randomly horizontally

flipped for data augmentation. In the training stage, we set

each mini-batch as 128 frames/clips, which are implement-

ed with multiple GPUs in parallel. The network parameters

are optimized by standard SGD and the initial learning rate

is set as 0.001, which is divided by 10 after every 3K itera-

tions. The training is stopped after 7.5K iterations.

Table 1 shows the performance and time efficiency of

ResNet-50 and our Pseudo-3D ResNet variants on UCF101.

Overall, all the three P3D ResNet variants (i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet) exhibit better

performance than ResNet-50 with only a small increase in
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output xt+1 as

(I+ S+T · S) ·xt := xt +S (xt) +T (S (xt)) = xt+1. (5)

Bottleneck architectures. When specifying the archi-

tecture of 2D Residual Unit, the basic 2D block is modified

with a bottleneck design for reducing the computation com-

plexity. In particular, as shown in Figure 3(a), instead of a

single spatial 2D filters (3 × 3 convolutions), the Residual

Unit adopts a stack of 3 layers including 1 × 1, 3 × 3, and

1×1 convolutions, where the first and last 1×1 convolution-

al layers are applied for reducing and restoring dimensions

of input sample, respectively. Such bottleneck design makes

the middle 3 × 3 convolutions as a bottleneck with smaller

input and output dimensions. Thus, we follow this elegan-

t recipe and utilize the bottleneck design to implement our

proposed P3D blocks. Similar in spirit, for each P3D block

which purely consists of one spatial 2D filters (1 × 3 × 3
convolutions) and one temporal 1D filters (3× 1× 1 convo-

lutions), we additionally place two 1 × 1 × 1 convolutions

at both ends of the path, which are responsible for reduc-

ing and then increasing the dimensions. Accordingly, the

dimensions of the input and output of both the spatial 2D

and temporal 1D filters are reduced with this bottleneck de-

sign. The detailed bottleneck building architectures on all

the three P3D blocks are illustrated in Figure 3(b) to 3(d).

3.3. Pseudo­3D ResNet

In order to verify the merit of the three P3D blocks,

we first develop three P3D ResNet variants, i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet by replacing

all the Residual Units in a 50-layer ResNet (ResNet-50)

[7] with one certain kind of P3D block, respectively. The

comparisons of performance and time efficiency between

the basic ResNet-50 and the three P3D ResNet variants are

presented. Then, a complete version of P3D ResNet is pro-

posed by mixing all the three P3D blocks from the view-

point of structural diversity.

Table 1. Comparisons of ResNet-50 and different Pseudo-3D

ResNet variants in terms of model size, speed, and accuracy on

UCF101 (split1). The speed is reported on one NVidia K40 GPU.

Method Model size Speed Accuracy

ResNet-50 92MB 15.0 frame/s 80.8%

P3D-A ResNet 98MB 9.0 clip/s 83.7%

P3D-B ResNet 98MB 8.8 clip/s 82.8%

P3D-C ResNet 98MB 8.6 clip/s 83.0%

P3D ResNet 98MB 8.8 clip/s 84.2%

Comparisons between P3D ResNet variants. The

comparisons are conducted on UCF101 [27] video ac-

tion recognition dataset. Specifically, the architecture of

ResNet-50 is fine-tuned on UCF101 video data. We set the

input as 224× 224 image which is randomly cropped from

the resized 240 × 320 video frame. Moreover, following

[36], we freeze the parameters of all Batch Normalization

layers except for the first one and add an extra dropout lay-

er with 0.9 dropout rate to reduce the effect of over-fitting.

After fine-tuning ResNet-50, the networks will predict one

score for each frame and the video-level prediction score

is calculated by averaging all frame-level scores. The ar-

chitectures of three P3D ResNet variants are all initialized

with ResNet-50 except for the additional temporal convo-

lutions and are further fine-tuned on UCF101. For each

P3D ResNet variant, the dimension of input video clip is

set as 16 × 160 × 160 which is randomly cropped from

the resized non-overlapped 16-frame clip with the size of

16 × 182 × 242. Each frame/clip is randomly horizontally

flipped for data augmentation. In the training stage, we set

each mini-batch as 128 frames/clips, which are implement-

ed with multiple GPUs in parallel. The network parameters

are optimized by standard SGD and the initial learning rate

is set as 0.001, which is divided by 10 after every 3K itera-

tions. The training is stopped after 7.5K iterations.

Table 1 shows the performance and time efficiency of

ResNet-50 and our Pseudo-3D ResNet variants on UCF101.

Overall, all the three P3D ResNet variants (i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet) exhibit better
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Bottleneck architectures. When specifying the archi-

tecture of 2D Residual Unit, the basic 2D block is modified

with a bottleneck design for reducing the computation com-

plexity. In particular, as shown in Figure 3(a), instead of a

single spatial 2D filters (3 × 3 convolutions), the Residual

Unit adopts a stack of 3 layers including 1 × 1, 3 × 3, and

1×1 convolutions, where the first and last 1×1 convolution-

al layers are applied for reducing and restoring dimensions

of input sample, respectively. Such bottleneck design makes

the middle 3 × 3 convolutions as a bottleneck with smaller

input and output dimensions. Thus, we follow this elegan-

t recipe and utilize the bottleneck design to implement our

proposed P3D blocks. Similar in spirit, for each P3D block

which purely consists of one spatial 2D filters (1 × 3 × 3
convolutions) and one temporal 1D filters (3× 1× 1 convo-

lutions), we additionally place two 1 × 1 × 1 convolutions

at both ends of the path, which are responsible for reduc-

ing and then increasing the dimensions. Accordingly, the

dimensions of the input and output of both the spatial 2D

and temporal 1D filters are reduced with this bottleneck de-

sign. The detailed bottleneck building architectures on all

the three P3D blocks are illustrated in Figure 3(b) to 3(d).
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In order to verify the merit of the three P3D blocks,

we first develop three P3D ResNet variants, i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet by replacing

all the Residual Units in a 50-layer ResNet (ResNet-50)

[7] with one certain kind of P3D block, respectively. The

comparisons of performance and time efficiency between

the basic ResNet-50 and the three P3D ResNet variants are

presented. Then, a complete version of P3D ResNet is pro-

posed by mixing all the three P3D blocks from the view-
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ResNet variants in terms of model size, speed, and accuracy on
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tion recognition dataset. Specifically, the architecture of

ResNet-50 is fine-tuned on UCF101 video data. We set the

input as 224× 224 image which is randomly cropped from

the resized 240 × 320 video frame. Moreover, following

[36], we freeze the parameters of all Batch Normalization

layers except for the first one and add an extra dropout lay-

er with 0.9 dropout rate to reduce the effect of over-fitting.

After fine-tuning ResNet-50, the networks will predict one

score for each frame and the video-level prediction score

is calculated by averaging all frame-level scores. The ar-

chitectures of three P3D ResNet variants are all initialized

with ResNet-50 except for the additional temporal convo-

lutions and are further fine-tuned on UCF101. For each

P3D ResNet variant, the dimension of input video clip is

set as 16 × 160 × 160 which is randomly cropped from

the resized non-overlapped 16-frame clip with the size of

16 × 182 × 242. Each frame/clip is randomly horizontally

flipped for data augmentation. In the training stage, we set

each mini-batch as 128 frames/clips, which are implement-

ed with multiple GPUs in parallel. The network parameters

are optimized by standard SGD and the initial learning rate

is set as 0.001, which is divided by 10 after every 3K itera-

tions. The training is stopped after 7.5K iterations.

Table 1 shows the performance and time efficiency of

ResNet-50 and our Pseudo-3D ResNet variants on UCF101.

Overall, all the three P3D ResNet variants (i.e., P3D-A
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tecture of 2D Residual Unit, the basic 2D block is modified

with a bottleneck design for reducing the computation com-

plexity. In particular, as shown in Figure 3(a), instead of a

single spatial 2D filters (3 × 3 convolutions), the Residual

Unit adopts a stack of 3 layers including 1 × 1, 3 × 3, and

1×1 convolutions, where the first and last 1×1 convolution-

al layers are applied for reducing and restoring dimensions

of input sample, respectively. Such bottleneck design makes

the middle 3 × 3 convolutions as a bottleneck with smaller

input and output dimensions. Thus, we follow this elegan-

t recipe and utilize the bottleneck design to implement our

proposed P3D blocks. Similar in spirit, for each P3D block

which purely consists of one spatial 2D filters (1 × 3 × 3
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at both ends of the path, which are responsible for reduc-

ing and then increasing the dimensions. Accordingly, the

dimensions of the input and output of both the spatial 2D

and temporal 1D filters are reduced with this bottleneck de-

sign. The detailed bottleneck building architectures on all

the three P3D blocks are illustrated in Figure 3(b) to 3(d).

3.3. Pseudo­3D ResNet

In order to verify the merit of the three P3D blocks,

we first develop three P3D ResNet variants, i.e., P3D-A

ResNet, P3D-B ResNet and P3D-C ResNet by replacing

all the Residual Units in a 50-layer ResNet (ResNet-50)

[7] with one certain kind of P3D block, respectively. The

comparisons of performance and time efficiency between

the basic ResNet-50 and the three P3D ResNet variants are

presented. Then, a complete version of P3D ResNet is pro-

posed by mixing all the three P3D blocks from the view-

point of structural diversity.
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UCF101 (split1). The speed is reported on one NVidia K40 GPU.
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Comparisons between P3D ResNet variants. The
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tion recognition dataset. Specifically, the architecture of

ResNet-50 is fine-tuned on UCF101 video data. We set the

input as 224× 224 image which is randomly cropped from

the resized 240 × 320 video frame. Moreover, following

[36], we freeze the parameters of all Batch Normalization

layers except for the first one and add an extra dropout lay-

er with 0.9 dropout rate to reduce the effect of over-fitting.

After fine-tuning ResNet-50, the networks will predict one

score for each frame and the video-level prediction score

is calculated by averaging all frame-level scores. The ar-

chitectures of three P3D ResNet variants are all initialized

with ResNet-50 except for the additional temporal convo-

lutions and are further fine-tuned on UCF101. For each

P3D ResNet variant, the dimension of input video clip is

set as 16 × 160 × 160 which is randomly cropped from

the resized non-overlapped 16-frame clip with the size of

16 × 182 × 242. Each frame/clip is randomly horizontally

flipped for data augmentation. In the training stage, we set

each mini-batch as 128 frames/clips, which are implement-

ed with multiple GPUs in parallel. The network parameters

are optimized by standard SGD and the initial learning rate

is set as 0.001, which is divided by 10 after every 3K itera-

tions. The training is stopped after 7.5K iterations.

Table 1 shows the performance and time efficiency of

ResNet-50 and our Pseudo-3D ResNet variants on UCF101.
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图 2.1残差⽹络单元和伪三维卷积的瓶颈构建模块⽰意（⾃ (Qiu et al., 2017)）(a)残差单元，

(b) P3D-A，(c) P3D-B，(d) P3D-C。

Figure 2.1 Bottleneck building blocks of Residual Unit and Pseudo-3D. (From (Qiu et al.,

2017)) (a) Residual Unit, (b) P3D-A, (c) P3D-B, (d) P3D-C.

2.2 基于卷积⺴络的注意⼒机制

深度神经⽹络已在各⼤图像数据集上证明了其提取⾼层语义、⾼判别⼒的

优势，研究者现正更关注于如何更有效利⽤卷积特征，在细粒度划分的数据集上

提⾼性能。有两类主要⽅法，如残差注意⼒模块 (Wang et al., 2017)，通过让⽹络

⾃学习掩模，加上利⽤残差⽹络设计的经验，引⼊原特征跳跃链接，使识别性能

有了很⼤的提升。该模块学习的掩模可视化效果如图⽚2.2所⽰。
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Figure 1: Left: an example shows the interaction between features and attention masks. Right: example images illustrating

that different features have different corresponding attention masks in our network. The sky mask diminishes low-level

background blue color features. The balloon instance mask highlights high-level balloon bottom part features.

(2) Attention Residual Learning: Stacking Attention Mod-

ules directly would lead to the obvious performance drop.

Therefore, we propose attention residual learning mecha-

nism to optimize very deep Residual Attention Network

with hundreds of layers.

(3) Bottom-up top-down feedforward attention: Bottom-up

top-down feedforward structure has been successfully ap-

plied to human pose estimation [24] and image segmenta-

tion [22, 25, 1]. We use such structure as part of Attention

Module to add soft weights on features. This structure can

mimic bottom-up fast feedforward process and top-down

attention feedback in a single feedforward process which

allows us to develop an end-to-end trainable network with

top-down attention. The bottom-up top-down structure in

our work differs from stacked hourglass network [24] in its

intention of guiding feature learning.

2. Related Work

Evidence from human perception process [23] shows the

importance of attention mechanism, which uses top infor-

mation to guide bottom-up feedforward process. Recently,

tentative efforts have been made towards applying atten-

tion into deep neural network. Deep Boltzmann Machine

(DBM) [21] contains top-down attention by its reconstruc-

tion process in the training stage. Attention mechanism

has also been widely applied to recurrent neural networks

(RNN) and long short term memory (LSTM) [13] to tackle

sequential decision tasks [25, 29, 21, 18]. Top information

is gathered sequentially and decides where to attend for the

next feature learning steps.

Residual learning [10] is proposed to learn residual of

identity mapping. This technique greatly increases the

depth of feedforward neuron network. Similar to our work,

[25, 29, 21, 18] use residual learning with attention mech-

anism to benefit from residual learning. Two information

sources (query and query context) are captured using atten-

tion mechanism to assist each other in their work. While in

our work, a single information source (image) is split into

two different ones and combined repeatedly. And residual

learning is applied to alleviate the problem brought by re-

peated splitting and combining.

In image classification, top-down attention mechanism

has been applied using different methods: sequential pro-

cess, region proposal and control gates. Sequential pro-

cess [23, 12, 37, 7] models image classification as a se-

quential decision. Thus attention can be applied similarly

with above. This formulation allows end-to-end optimiza-

tion using RNN and LSTM and can capture different kinds

of attention in a goal-driven way.

Region proposal [26, 4, 8, 38] has been successfully

adopted in image detection task. In image classification,

an additional region proposal stage is added before feed-

forward classification. The proposed regions contain top

information and are used for feature learning in the sec-

ond stage. Unlike image detection whose region propos-

als rely on large amount of supervision, e.g. the ground

truth bounding boxes or detailed segmentation masks [6],

unsupervised learning [35] is usually used to generate re-

gion proposals for image classification.

Control gates have been extensively used in LSTM. In

image classification with attention, control gates for neu-
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图 2.2残差注意⼒模块掩模可视化效果（⾃ (Wang et al., 2017)）

Figure 2.2 Illustration of Mask Generated from Attention Residual Learning (From (Wang

et al., 2017))

又如利⽤注意⼒提取⽹络 (APN) 的循环注意⼒卷积神经⽹络 (RA-CNN)(Fu

et al., 2017)，主动识别有效区域，并利⽤双线性插值进⾏尺度调整，继⽽在放⼤
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第 2 章 相关⼯作

图⽚上再次识别，具体流程见图2.3。通过⼀般的分类损失和多尺度概率⽐较损

失（Rank Loss) 迭代优化，该框架能够同时训练卷积神经⽹络参数和注意⼒提取

⽹络参数，且对该⽅法优化梯度的分析证明了⽐较损失对于注意⼒参数优化的

有效性。这⼀⽅法被证明在鸟类分类等关注细节的分类任务上具有很强⼤的性

能。

Figure 2. The framework of recurrent attention convolutional neural network (RA-CNN). The inputs are from coarse full-size images to

finer region attention (from top to bottom). Different network modules for classification (marked in blue) and attention proposal (marked in

red) are alternatively optimized by classification losses Lcls between label prediction Y
(s) and ground truth Y

∗ at each scale, and pairwise

ranking losses Lrank between p
(s)
t and p

(s+1)
t from neighboring scales, where p

(s)
t and p

(s+1)
t denote the probabilities on the correct

category, and s denotes the scale. APN is the attention proposal network, fc represents fully-connected layer, softmax layer matches to

category entries by a fc layer, followed by a softmax operation. +© represents “crop” and “zoom in” operation. [Best viewed in color]

dynamic mechanism that can actively spatially transform an

image for more accurate classification. Whereas, it is still d-

ifficult for existing models to exactly localize subtle regions

due to their small sizes. The most relevant works to ours

come from [20] and [35]. Both of them propose to zoom in

on discriminative local regions to improve the performance

of fine-grained recognition. However, the learning of region

localizers from [20] and [35] relies on either pre-processed

region proposals or category labels, which poses challenges

to accurate region localization.

3. Approach

In this section, we will introduce the proposed recurrent

attention convolutional neural network (RA-CNN) for fine-

grained image recognition. We consider the network with

three scales as an example in Figure 2, and more finer s-

cales can be stacked in a similar way. The inputs are recur-

rent from full-size images in a1 to fine-grained discrimina-

tive regions in a2 and a3, where a2 and a3 takes the input

as the attended regions from a1 and a2, respectively. First,

images at different scales are fed into convolutional layer-

s (b1 to b3) to extract region-based feature representation.

Second, networks proceed to predict both a probability s-

core by fully-connected and softmax layers (c1 to c3) and a

region attention by an attention proposal network (d1, d2).

The proposed RA-CNN is optimized to convergence by al-

ternatively learning a softmax classification loss at each s-

cale and a pairwise ranking loss across neighboring scales.

3.1. Attention Proposal Network

Multi-task formulation: Traditional part-based frame-

work on fine-grained recognition takes no advantages of the

deeply trained networks to mutually promote the learning

for both localization and recognition. Inspired by the recent

success of region proposal network (RPN) [8], in this paper,

we propose an attention proposal network (APN) where the

computation of region attention is nearly cost-free, and the

APN can be trained end-to-end.

Given an input image X, we first extract region-based

deep features by feeding the images into pre-trained con-

volutional layers. The extracted deep representations are

denoted as Wc ∗ X, where ∗ denotes a set of operations

of convolution, pooling and activation, and Wc denotes the

overall parameters. We further model the network at each

scale as a multi-task formulation with two outputs. The first

task is designed to generate a probability distribution p over

fine-grained categories, shown as:

p(X) = f(Wc ∗X), (1)

where f(·) represents fully-connected layers to map convo-

lutional features to a feature vector that could be matched

with the category entries, as well as includes a softmax lay-

er to further transform the feature vector to probabilities.

The second task is proposed to predict a set of box coor-

dinates of an attended region for the next finer scale. By

approximating the attended region as a square with three

4440

图 2.3循环注意⼒卷积神经⽹络框架（⾃ (Fu et al., 2017)）

Figure 2.3 Framework of RA-CNN (From (Fu et al., 2017))

⼿语识别之于⼀般的视频识别，相当于利⽤局部（⼿，脸，肘等）的特征，

和关键帧（挥打重要⼿势）的信息，进⾏细粒度的分类。因此，本⽂提出要在⼿

语识别⽹络中引⼊注意⼒机制，并同时利⽤多任务学习对注意⼒相关的参数进

⾏优化。前述卷积⽹络上的注意⼒⼯作主要集中于⼆维图像识别领域，本⽂将注

意⼒机制引⼊到视频分析领域，对时间维度的注意⼒提取进⾏了有效的尝试。

2.3 深度学习下的物体检测和语义分割

近年的⼿语识别⼯作，主要利⽤物体检测类⼿段对⼿部进⾏位置确定，并

进⾏预处理 (Liu et al., 2017)。Girshick et al. (2014) 的⼯作区域卷积神经⽹络 (R-

CNN) 可视为深度学习时代物体检测的开⼭之作。R-CNN 接受输⼊图像后，使

⽤区域⽣成 (Region Proposal) 算法提取约 2000 个可⾏区域，变形到统⼀尺⼨后，

提取卷积特征，进⾏⽬标分类和包围框的回归。后续⼯作 Fast R-CNN(Girshick,

2015)，Faster R-CNN(Ren et al., 2015) 又提出区域池化 (RoI Pooling) 和区域⽣成

⽹络 (Region Proposal Network) 加快了物体检测的速度，并提⾼了精度。但现阶

段精度较⾼的深度学习物体检测⽅法仍需要区域⽣成和特征提取两步骤，复杂

7
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且速度较慢，不适合与⼿语任务在同⼀框架下相结合进⾏多任务学习。本⽂仅利

⽤物体检测⽅法⽣成⼿语视频⼿脸位置的训练数据。

What we call here atrous convolutionwas originally devel-
oped for the efficient computation of the undecimated
wavelet transform in the “algorithme �a trous” scheme of
[15]. We refer the interested reader to [74] for early referen-
ces from the wavelet literature. Atrous convolution is also
intimately related to the “noble identities” in multi-rate sig-
nal processing, which builds on the same interplay of input
signal and filter sampling rates [75]. Atrous convolution is a
term we first used in [6]. The same operation was later
called dilated convolution by [76], a term they coined moti-
vated by the fact that the operation corresponds to regular
convolution with upsampled (or dilated in the terminology
of [15]) filters. Various authors have used the same opera-
tion before for denser feature extraction in DCNNs [3], [6],
[16]. Beyond mere resolution enhancement, atrous convolu-
tion allows us to enlarge the field of view of filters to incor-
porate larger context, which we have shown in [38] to be
beneficial. This approach has been pursued further by [76],
who employ a series of atrous convolutional layers with
increasing rates to aggregate multiscale context. The atrous
spatial pyramid pooling scheme proposed here to capture
multiscale objects and context also employs multiple atrous
convolutional layers with different sampling rates, which
we however lay out in parallel instead of in serial. Interest-
ingly, the atrous convolution technique has also been
adopted for a broader set of tasks, such as object detection
[12], [77], instance-level segmentation [78], visual question
answering [79], and optical flow [80].

We also show that, as expected, integrating into DeepLab
more advanced image classification DCNNs such as the
residual net of [11] leads to better results. This has also been
observed independently by [81].

3 METHODS

3.1 Atrous Convolution for Dense Feature
Extraction and Field-of-View Enlargement

The use of DCNNs for semantic segmentation, or other
dense prediction tasks, has been shown to be simply and
successfully addressed by deploying DCNNs in a fully con-
volutional fashion [3], [14]. However, the repeated combina-
tion of max-pooling and striding at consecutive layers of

these networks reduces significantly the spatial resolution
of the resulting feature maps, typically by a factor of 32
across each direction in recent DCNNs. A partial remedy is
to use ‘deconvolutional’ layers as in [14], which however
requires additional memory and time.

We advocate instead the use of atrous convolution, origi-
nally developed for the efficient computation of the undeci-
mated wavelet transform in the “algorithme �a trous”
scheme of [15] and used before in the DCNN context by [3],
[6], [16]. This algorithm allows us to compute the responses
of any layer at any desirable resolution. It can be applied
post-hoc, once a network has been trained, but can also be
seamlessly integrated with training.

Considering one-dimensional signals first, the output y½i�
of atrous convolution2 of a 1-D input signal x½i� with a filter
w½k� of lengthK is defined as

y½i� ¼
XK
k¼1

x½iþ r � k�w½k�: (1)

The rate parameter r corresponds to the stride with which
we sample the input signal. Standard convolution is a spe-
cial case for rate r ¼ 1. See Fig. 2 for illustration.

We illustrate the algorithm’s operation in 2-D through a
simple example in Fig. 3: Given an image, we assume that
we first have a downsampling operation that reduces the
resolution by a factor of 2, and then perform a convolution
with a kernel-here, the vertical Gaussian derivative. If one
implants the resulting feature map in the original image
coordinates, we realize that we have obtained responses at
only 1/4 of the image positions. Instead, we can compute
responses at all image positions if we convolve the full reso-
lution image with a filter ‘with holes’, in which we upsam-
ple the original filter by a factor of 2, and introduce zeros in
between filter values. Although the effective filter size
increases, we only need to take into account the non-zero fil-
ter values, hence both the number of filter parameters and
the number of operations per position stay constant. The
resulting scheme allows us to easily and explicitly control
the spatial resolution of neural network feature responses.

Fig. 2. Illustration of atrous convolution in 1-D. (a) Sparse feature extrac-
tion with standard convolution on a low resolution input feature map. (b)
Dense feature extraction with atrous convolution with rate r ¼ 2, applied
on a high resolution input feature map.

Fig. 3. Illustration of atrous convolution in 2-D. Top row: sparse feature
extraction with standard convolution on a low resolution input feature
map. Bottom row: Dense feature extraction with atrous convolution with
rate r ¼ 2, applied on a high resolution input feature map.

2. We follow the standard practice in the DCNN literature and use
non-mirrored filters in this definition.
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图 2.4 2维空洞卷积⽰意（⾃ (Chen et al., 2018)）

Figure 2.4 Illustration of atrous convolution in 2-D. (From (Chen et al., 2018))

DCNNs at multiple image resolutions and then employ a
segmentation tree to smooth the prediction results. More
recently, [21] propose to use skip layers and concatenate the
computed intermediate feature maps within the DCNNs for
pixel classification. Further, [51] propose to pool the inter-
mediate feature maps by region proposals. These works still
employ segmentation algorithms that are decoupled from
the DCNN classifier’s results, thus risking commitment to
premature decisions.

The third family ofworks usesDCNNs to directly provide
dense category-level pixel labels, which makes it possible to
even discard segmentation altogether. The segmentation-
free approaches of [14], [52] directly apply DCNNs to the
whole image in a fully convolutional fashion, transforming
the last fully connected layers of the DCNN into convolu-
tional layers. In order to deal with the spatial localization
issues outlined in the introduction, [14] upsample and con-
catenate the scores from intermediate feature maps, while
[52] refine the prediction result from coarse to fine by propa-
gating the coarse results to another DCNN. Our work builds
on these works, and as described in the introduction extends
them by exerting control on the feature resolution, introduc-
ing multi-scale pooling techniques and integrating the
densely connected CRF of [22] on top of the DCNN. We
show that this leads to significantly better segmentation
results, especially along object boundaries. The combination
of DCNN and CRF is of course not new but previous works
only tried locally connected CRF models. Specifically, [53]
use CRFs as a proposal mechanism for a DCNN-based
reranking system, while [39] treat superpixels as nodes for a
local pairwise CRF and use graph-cuts for discrete inference.
As such their models were limited by errors in superpixel
computations or ignored long-range dependencies. Our
approach instead treats every pixel as a CRF node receiving
unary potentials by the DCNN. Crucially, the Gaussian CRF
potentials in the fully connected CRF model of [22] that we
adopt can capture long-range dependencies and at the same
time the model is amenable to fast mean field inference. We
note that mean field inference had been extensively studied
for traditional image segmentation tasks [54], [55], [56], but
these older models were typically limited to short-range con-
nections. In independent work, [57] use a very similar
densely connected CRF model to refine the results of DCNN

for the problem of material classification. However, the
DCNN module of [57] was only trained by sparse point
supervision instead of dense supervision at every pixel.

Since the first version of this work was made publicly
available [38], the area of semantic segmentation has pro-
gressed drastically. Multiple groups have made important
advances, significantly raising the bar on the PASCAL VOC
2012 semantic segmentation benchmark, as reflected to the
high level of activity in the benchmark’s leaderboard1 [17],
[40], [58], [59], [60], [61], [62], [63]. Interestingly, most top-
performing methods have adopted one or both of the key
ingredients of our DeepLab system: Atrous convolution for
efficient dense feature extraction and refinement of the raw
DCNN scores bymeans of a fully connected CRF.We outline
below some of themost important and interesting advances.

End-to-end training for structured prediction has more
recently been explored in several related works. While we
employ the CRF as a post-processing method, [40], [59],
[62], [64], [65] have successfully pursued joint learning of
the DCNN and CRF. In particular, [59], [65] unroll the CRF
mean-field inference steps to convert the whole system into
an end-to-end trainable feed-forward network, while [62]
approximates one iteration of the dense CRF mean field
inference [22] by convolutional layers with learnable filters.
Another fruitful direction pursued by [40], [66] is to learn
the pairwise terms of a CRF via a DCNN, significantly
improving performance at the cost of heavier computation.
In a different direction, [63] replace the bilateral filtering
module used in mean field inference with a faster domain
transform module [67], improving the speed and lowering
the memory requirements of the overall system, while [18],
[68] combine semantic segmentation with edge detection.

Weaker supervision has been pursued in a number of
papers, relaxing the assumption that pixel-level semantic
annotations are available for the whole training set [58],
[69], [70], [71], achieving significantly better results than
weakly-supervised pre-DCNN systems such as [72]. In
another line of research, [49], [73] pursue instance segmen-
tation, jointly tackling object detection and semantic
segmentation.

Fig. 1. Model illustration. A deep convolutional neural network such as VGG-16 or ResNet-101 is employed in a fully convolutional fashion, using
atrous convolution to reduce the degree of signal downsampling (from 32x down 8x). A bilinear interpolation stage enlarges the feature maps to the
original image resolution. A fully connected CRF is then applied to refine the segmentation result and better capture the object boundaries.

1. http://host.robots.ox.ac.uk:8080/leaderboard/displaylb.php?
challengeid=11&compid=6
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图 2.5 DeepLab语义分割框架流程图（⾃ (Chen et al., 2018)）

Figure 2.5 Framework of DeepLab Semantic Segmentation Model (From (Chen et al., 2018))

在计算视觉领域，语义分割类任务与物体检测类任务具有⼀定相似性，都是

对图像中各部分进⾏理解。但物体检测类任务主要⽤于检测并确定图像中主要

物体位置，⽽语义分割强调对图⽚中逐像素的类别判断。从⽅法上来说，即是对

各个像素进⾏物体分类。Chen et al. (2018) 的 DeepLab 系列⼯作在这⼀任务上处

于领先地位。此系列⼯作主要利⽤空洞卷积（见图2.4）提取深层的语义信息，再

利⽤反卷积或双线性插值扩⼤到原图尺⼨，并利⽤条件随机场进⾏修正，具体流

程可见图⽚2.5。空洞卷积和深层次信息反卷积均有助于扩⼤卷积感受野，使得

8
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计算分割的特征能够了解全图的信息。本⽂在进⾏多任务学习时，借鉴了语义分

割的形式，降采样提取特征，并升采样扩⼤得到较⼤尺⼨的物体分布概率图，以

此学习⼿脸等重要部位的位置信息。

9
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第 3章 多任务学习框架下注意⼒驱动的孤⽴⼿语词识别框架

本章节将对⼿语识别框架的具体设计进⾏描述。图3.1展⽰了该框架的整体

流程。本识别框架主要包括三个主要部分。⾸先，我们对数据进⾏必要但简单的

预处理步骤，即将 RGB 通道和深度通道的视频进⾏对齐。然后，我们利⽤结合

注意⼒机制与多任务学习的深度神经⽹络分别对 RGB 视频和深度视频进⾏特征

提取。最后，将两个通道的视频特征进⾏融合并得到最后的⼿语识别结果。

Depth特征

RGB 特征

RGB & Depth

数据对齐

基础
Pseudo-3D

识别网络

时空注意力机制

关键时空区域

多任务学习

监督学习信息共享

P3D特征提取
特征融合

手语词汇分类

图 3.1⼿语识别框架流程图

Figure 3.1 The pipeline of the proposed sign language recognition framework

在训练阶段，本框架仍需提取⼿和脸的位置信息作为训练数据。但测试时，

由于位置的粗提取内涵在了多任务学习了之中，⽆需单独划分出⼀个步骤。章

节4的实验数据证明了本⽅法在保证⼀定性能的情况下，有效减少了数据预处理

步骤，减少了⼿语识别的整体耗时。

3.1 数据预处理

Liu et al. (2017) 指出，虽然 ChaLearn 数据集中⼿语视频的 RGB 和深度通道

是同时被采集的，但由于相机参数等的细微不同，两个通道可能并没有完全对

齐。所以，我们需要利⽤ RGB 通道和深度通道之间的对应关系，将深度通道的

数据对齐到相应的 RGB 数据上。我们使⽤Bradski et al. (2008) 的相机校准技术

来实现此步骤。图3.2给出了数据对齐的例⼦。

11
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Figure 1. The pipeline of our continuous gesture recognition framework.

3. Methodology

In this section, we will describe the spotting-recognition

framework for large scale continuous gesture recognition.

Figure 1 shows the pipeline of our whole framework.

Simply speaking, our method is mainly composed of the

following four modules. First is a key preprocessing step,

i.e. hand detection with two streams Faster R-CNN. Sec-

ond is the temporal segmentation based on the hand posi-

tions. Third is the feature generation module, including the

hand-oriented spatiotemporal (ST) feature extraction with

C3D model for each segmented gestures and the following

feature fusion. Finally is the gesture classification module

with simple linear SVM classifier.

3.1. Hand Detection with Two Streams Faster R­
CNN

Hand detection is very crucial for our temporal segmen-

tation, and also for the subsequent recognition module. In

order to effectively utilize the visual information provided

by different channels, i.e. RGB and depth, we propose a

two streams Faster R-CNN detection method. This section

mainly describes the detection framework. Its entire testing

process is shown in Fig. 2.

Although RGB and depth videos are obtained concur-

rently, they maybe not well registered. Therefore, the origi-

nal depth pixels are first aligned to the corresponding color

coordinate space by the mapping relationship between the

color and the depth coordinate spaces. Camera calibration

technique is used in this procedure [1]. Figure 3 shows an

example of coordinate alignment. Once the alignment is

done, the features corresponding to RGB and aligned depth

images can be extracted by a fully convolutional network

respectively. These two extracted feature maps are con-

Figure 2. Hand detection pipeline of two-streams Faster R-CNN.

catenated and considered as the final feature representation.

Then region proposal network (RPN) [18] is used to gen-

erate high quality regions of interest (ROI). After that, the

classification and bounding box regression will be done for

each ROI as in Fast R-CNN [7]. Finally, the non-maximum

suppression is performed independently for each class using

the algorithm and settings from [7].

Figure 3. An example of coordinate alignment between RGB and

depth channels.

43233058

图 3.2⼿语视频 RGB通道和深度通道对齐实例（⾃ (Liu et al., 2017)）

Figure 3.2 An example of coordinate alignment between RGB and depth channels (From (Liu

et al., 2017))

3.2 基础识别⺴络

章节2.1已提到，本⽂设计框架使⽤ P3D⽹络 (Qiu et al., 2017)作为基础识别

⽹络。此节将对 P3D ⽹络的具体实现细节进⾏介绍。

(Qiu et al., 2017)受到在图像识别领域领先的残差卷积⽹络 (ResNet)(He et al.,

2016)启发，通过具有残差单元的伪三维卷积瓶颈 (Bottleneck)构建模块，来识别

空间-时间特征。P3D ⽹络将⼀般同时作⽤在空间-时间维度的三维卷积，拆分成

了空间维度的⼆维卷积，和时间维度的⼀维卷积，有效降低了计算复杂度和参数

量，易于训练。通过叠加瓶颈模块，和池化操作，最终构建成了完整的 P3D ⽹

络。

⼀般的残差单元包括了⼀个短路连接（输⼊直接做相等映射）和⼀个待学习

的⾮线性函数 F（⼀般由卷积操作和⾮线性激活函数组成），可⽤下式进⾏描述：

xt+1 = xt + F(xt), (3.1)

其中 xt 和 xt+1 分别代表 t 层残差单元的输⼊输出。如图2.1a所⽰，为了使残差

单元提取重要信息，残差单元（黄⾊底⾊部分）内嵌在了瓶颈模块之中。瓶颈模

块利⽤⾸尾 1× 1 卷积操作进⾏降低以及回升维度的操作，这样残差单元的 3× 3

卷积操作将作⽤在降维后的关键信息上，防⽌过拟合。

伪三维卷积模块主要针对视频输⼊，对残差单元进⾏修改。由于将统⼀同时

进⾏的三维卷积拆分为空间和时间上两次卷积，需要考虑这两次卷积是不是要

在结构上相互影响，以及如果有影响时两者间影响程度，所以 (Qiu et al., 2017)

提出了三种结构，以满⾜不同需求。
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（1）P3D-A（图2.1b）：这种结构将时间卷积 (T)接在了空间卷积 (S)之后，认

为时间卷积会直接受到空间卷积结果的影响，公式为：

xt+1 = xt + T(S(xt)). (3.2)

（2）P3D-B（图2.1c）: 这种结构时间卷积和空间卷积平⾏放置，认为两者之

间没有直接的互相影响，相加之后共同通向下⼀层，公式为：

xt+1 = xt + T(xt) + S(xt). (3.3)

（3）P3D-C（图2.1d）：这种结构是上述两者结构的结合，考虑空间卷积对时

间卷积的影响，但同时保留了空间卷积信息流向下⼀层的直接通路，公式为：

xt+1 = xt + T(S(xt)) + S(xt). (3.4)

三种结构在后⽂将统⼀描述为

xt+1 = P3DBottleneck(T(xt), S(xt)), (3.5)

其中 P3DBottleneck 为三种瓶颈结构之⼀。(Qiu et al., 2017)实验证明了，三种结构

性能相差不多，但如果在同⼀个⽹络中混合三种瓶颈构建模块，总正确率会有提

升。本⽂按照这⼀思路构建了基础的⼿语词汇识别⽹络，具体层数等参数设置见

章4。

3.3 时空注意⼒机制

⼿语识别主要利⽤⼿部的细节完成任务，例如⼿的运动轨迹，⼿形，⼿和脸

的相对位置等。Liu et al. (2017) 显式地在预处理步骤利⽤双流 Faster R-CNN 提

取了⼿部的位置，并通过对视频的预处理，保留视频中⼿部区域，置⿊其它⽆关

区域，减少了⽆关因素如背景，服装，⾝体躯⼲等对识别的影响。但物体检测⽅

法需要较长的运⾏时间，这⼀预处理步骤会使分类时间增长。本⽂提出利⽤注意

⼒机制，隐式地完成对输⼊视频中⼿脸等重要区域的关注，有助于⽹络选取重点

关注区域进⾏识别。同时，由于注意⼒机制内嵌在了识别⽹络中，与卷积核参数

同时训练，能够有效增强正确特征的优化，减少错误梯度的影响。

⼿语视频不同帧所包含的信息量不同。对于 ChaLearn ⼿势识别集合来说，

⼤部分⼿语视频在开始或结束时，由于⼈还没有将⼿抬起或已经放下，有⼤量的

冗余帧，对于⼿语识别没有价值。Liu et al. (2017) 的后续⼯作提出，利⽤⼿部检

13
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测结果，定义⼿语动作开始结束⼿部⾼度阈值，剪裁前后冗余帧后，将视频送⼊

⽹络进⾏识别，使输⼊更加紧致。但这⼀⽅法仍需要额外的数据预处理步骤，本

⽂通过利⽤时间维度引⼊注意⼒机制解决冗余帧的问题。同时，部分⼿语视频分

类关键为⼿形有动作变化的少数帧，此类模式不易⽤⼿部位置等信息形式化定

义。本⽂利⽤注意⼒机制关注时间维度有效帧，希望通过⾃学习达到对这类关键

帧的定位。

本⽂⽣成注意⼒信息主要采⽤语义分割和⾻架关键点识别常见的漏⽃结构

(Hourglass Structure)。漏⽃结构前部的向下⽹络结构能够⽣成低分辨率但具有强

⼤语义信息的特征图，向上逆卷积结构能够恢复出密集的特征，使得能够进⾏逐

像素的推测。本⽂在空间维度和时间维度均设置注意⼒分⽀⽣成，利⽤了 P3D

构建模块空间卷积 S 和时间卷积 T 分离的特点，将空间和时间注意⼒分别结合

到 S 和 T 之上。空间和时间注意⼒分别在空间维度和时间维度进⾏降、升采样，

以形成漏⽃结构。Wang et al. (2017) 指出，如果将注意⼒分⽀与特征点乘，会导

致性能下降，所以提出了残差注意⼒学习：

xt+1 = (1 +M(xt)) ∗ F′(xt), (3.6)

其中 F′ 为利⽤残差单元⽣成的特征，M ∈ [0, 1] 为学习到的注意⼒分⽀。残差注

意⼒学习借鉴了残差单元相等映射连接的形式，利于在深层次⽹络中进⾏注意

⼒的学习，性能理论上不会弱于没有注意⼒的⽹络（M = 0）。本⽂亦采取了残

差注意⼒的连接形式。

Spatial

Input

Spatial

Input

Spatial

Input

Spatial

Attention

Spatial

Attention

Spatial

Attention

Spatial

Attention

Hourglass

1×1×1 Conv

S

+

×
T × + 1×1×1 Conv

Temporal

Attention

Temporal

Attention

Temporal

Attention

Temporal

Input

Temporal

Input

Temporal

Input

Temporal Attention Hourglass

Temporal

Attention

Temporal

Attention

Temporal

Input

Temporal

Input

Temporal Attention Hourglass

图 3.3空间时间注意⼒机制下的 P3D瓶颈结构（以 P3D-A为例）

Figure 3.3 P3D Bottleneck building blocks with Spatial-Temporal Attention (Taking P3D-A as

an example)
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结合残差注意⼒后的 P3D 瓶颈结构形式化描述为

xt+1 = P3DBottleneck((1 +MT(xt)) ∗ T(xt), (1 +MS(xt)) ∗ S(xt)), (3.7)

其中 MT 和 MS 为时间和空间维度上⽣成的注意⼒信息。图3.3以 P3D-A 为例展

⽰了本⽂设计的空间时间注意⼒瓶颈结构，具体参数设置见章节4.2。

+

图 3.4相邻帧位置掩模信息合并

Figure 3.4 Combination of contiguous frames’ position-information mask

3.4 多任务学习

完全从零学起注意⼒信息，是具有⼀定难度的。⽽我们所希望学到的注意⼒

信息，主要是关注到⼿脸等有效区域。因此，本⽂通过多任务学习的模式，将Liu

et al. (2017) 所采集训练的⼿脸位置信息，作为训练数据，对注意⼒信息进⾏⼀

定程度上的有监督学习。利⽤ Faster R-CNN 等物体检测⽅法提取的位置信息为

包围框数据，本⽂将其视作⼀个粗糙的重点区域矩形掩模 (Mask)。在 P3D ⽹络

各层，特征组织形式为时长 T×⾼ H×宽 W 的三维张量。我们将原始覆盖在每

⼀帧上的掩模，进⾏相邻帧合并，并依据特定⼤⼩进⾏放缩裁剪，得到可以进⾏

训练的⼿脸位置信息：

Position_In f o(i, j, k) ∈ {0, 1, 2} (i, j, k) ∈ T × H × W, (3.8)

其中 {0, 1, 2} 分别代表 “其它类别”（背景躯⼲等），“脸”，“⼿”。图3.4展⽰了相

邻帧掩模信息合并的效果。
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同时需要注意到，引⼊的注意⼒学习模块的参数与本⾝卷积层的参数相当。

在 ChaLearn 仅有五万样例的情况下，很容易发⽣参数过拟合，导致测试和验证

集性能下降，我们也在具体实验中注意到了这⼀现象（见章4.4）。引⼊多任务学

习，对注意⼒模块的参数加以限制，也能防⽌产⽣过拟合，对性能的提升起到⼀

定的理论保证。

多任务学习主要有串⾏和并⾏两种模式。若有 A、B、C 三个任务，如果任

务学习有⼀定先后，后⼀个任务的学习在⼀定程度上依赖于前⼀个任务的结果，

形成如图3.5a的结构，即串⾏模式。如果任务学习可以并⾏进⾏，仅依赖⼀些基

础信息，形成如图3.5b的结构，那么则为并⾏学习模式。

输入 BA C

(a)

输入

A

B

C

(b)

图 3.5多任务学习模式 (a)串⾏模式，(b)并⾏模式。

Figure 3.5 Mutli-task learning mode (a) serial mode, (b) parallel mode.

在本框架下，如果采⽤串⾏模式，则认为⼿语分类依赖于⼿脸位置的学习。

将学习到的注意⼒信息转化为⼿脸位置信息后，直接⽤⼿脸位置信息对卷积产

⽣的特征进⾏修正，对式3.7修改后形式为：

Pposition(xt) = Softmax(L(M(xt)))

xt+1(i, j, k) = F′(xt)(i, j, k) ∗ (1 + Pposition(xt)(i, j, k |i, j, k area contains hand or f ace)),

(3.9)

其中 L为将注意⼒信息从原通道维数降到三维（对应 “其它类别”，“脸”，“⼿”三

个类别）的 1× 1 卷积，Softmax为归⼀化到 [0, 1] 形成概率形式的函数，Pposition

为学习到的⼿脸位置概率。在训练时，将 Position_In f o 作为训练数据，利⽤交

叉熵对 Pposition 进⾏学习。但在实验阶段，发现此模式会对⼿语识别性能产⽣⼲

扰，相关数据和分析见章4。

如果采⽤并⾏模式，则认为⼿语分类和⼿脸位置的学习之间没有直接的影

响。注意⼒信息转化为⼿脸位置信息 Pposition 后，利⽤相同的⽅法对⼿脸位置进

16
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⾏学习，但仍按照式3.7利⽤原注意⼒信息对特征进⾏修正。实验证明此模式对

性能有显著提升，相关实验结果及分析见章4。

3.5 特征融合

由于 RGB数据和深度数据本⾝没有对齐，预处理的对齐操作也可能不精确，

Liu et al. (2017) 指出不宜将两种数据混合到⼀个⽹络中进⾏训练和测试。且混合

后数据通道数过多，在现有深度学习框架下内存消耗过⼤，不易训练。所以，本

⽂也采取了两种数据分开训练，然后再进⾏特征融合的模式。融合的⽅式借鉴

了Narayana et al. (2018)，形式化为：

f1 = P3D(vRGB)

f2 = P3D(vDepth)

Fc =
2∑

i=1

wic fic c ∈ [1,Total Classes],

(3.10)

其中 vRGB 和 vDepth 为 RGB 和深度输⼊视频，P3D 代表了结合注意⼒机制和多

任务学习的 P3D 识别⽹络， f1 和 f2 分别为在 RGB 和深度输⼊上学习到的特征，

F 为连接后得到的总特征，下标 c 代表在每⼀类⼿势上的值，wic 为逐通道逐类

权重。

分别在两类输⼊上预训练得到初始模型后，固定卷积参数，训练融合权重，

以希望更好地使两类输⼊相互配合，提升识别性能。
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第 4章 实验与分析

本章节包括数据集介绍，框架的具体实现与实验分析的相关内容。

4.1 数据集

本课题利⽤ ChaLearn LAP IsoGD ⼿势识别孤⽴词数据集 (Wan et al., 2016)

进⾏主要实验，此数据集共包含 249类⼿势，划分为训练集（35878个视频序列），

验证集（5784 个视频序列），测试集（6271 个视频序列）。所有⼿势均包括同时

由 Kinect 设备 (Zhang, 2012) 采集的 RGB 和 Depth 通道数据。

图 4.1 Chalearn孤⽴词数据集样例

Figure 4.1 Sample of ChaLearn LAP IsoGD Dataset

数据集中视频每帧⼤⼩为 320 × 240，对齐后的输⼊视频将统⼀成 32 帧。

图4.1展⽰了⼀个数据样例。训练时，为了增⼴数据，⼀半的数据将调整⼤⼩为

242 × 182，另⼀半的数据将随机调整⼤⼩为 w × h w ∈ [160, 242] h ∈ [160, 182]；

⼀半的数据保持⽔平⽅向不变，另⼀半的数据⽔平翻转（数据集中⼤部分⼿势不

受左右⼿影响）；最后所有视频会被随机裁剪为 160× 160 输⼊给识别⽹络。测试

时，为保持性能稳定，所有数据会调整⼤⼩为 242× 182，不做⽔平翻转，选取画

⾯中部进⾏裁剪。
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除了输⼊视频之外，本⽂利⽤了Liu et al. (2017)提供的双流 Faster R-CNN提

取⼿脸位置。相⽐于⼀般的 Faster R-CNN 模型，此模型将对齐后的 RGB 和深度

图像同时提取特征并连接，之后再送⼊区域⽣成和区域池化，再进⾏分类和包围

框回归，之后对每类结果进⾏⾮极⼤值抑制 (non-maximum suppression)，得到最

后的检测结果。图4.2a展⽰了针对⼀个输⼊样例，依据节3.4的规则从⼿脸位置结

果整理得到的 Res 2 层（定义见后⼀⼩节）⼿脸掩模。Res 2 层掩模为两帧合并

的结果，图中虚线框包围的是相邻帧视频数据及其对应的掩模，浅灰⾊为⼿部位

置，深灰⾊为脸部位置。在⽣成掩模时，⼿部位置优先。同时，由于掩模为两帧

合并的结果，⼿部位置可能由于快速移动产⽣空隙。

(a)

(b)

图 4.2多任务学习掩模及注意⼒机制可视化 (a)双流 Faster R-CNN提取位置产⽣掩模⽰例，

(b)⼿脸检测结果及时间注意⼒

Figure 4.2 Visualization of multi-task learning and attetion mechanism (a) Example of mask

from 2-Stream Faster R-CNN detection results, (b) Hand & face detection and temporal

attention

4.2 模型参数及实验设置

针对数据输⼊⼤⼩和数据集分类，本⽂设计了相应的⽹络架构，并利⽤ Py-

Torch 深度学习平台 (Paszke et al., 2017) 进⾏搭建。具体的⽹络参数见表4.1，⽹

络结构⽰意见图4.3。图4.3中可以看出，为了防⽌过拟合，我们对⽹络进⾏了⼀
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定的压缩：在 Res 3-5 层，每两个⼦层有⼀个注意⼒结构，同时 Res2-4 时空注意

⼒数据将共享⼀个多任务学习模块。本⽂仿照Wang et al. (2017) 的⼯作设计了时

空注意⼒的漏⽃结构，包含了向下降采样，和向上升采样的过程，并在漏⽃两侧

进⾏跳跃 (Skip)连接。表4.2展⽰了 Res 3层的时空注意⼒结构的参数设置，其余

层与之相仿。

表 4.1特征提取⽹络参数细节

Table 4.1 Parameter details of feature extractor network

Layer Ouput Size Pseduo-3D Attention Multi-task

Res 1 32 × 80 × 80 1 × 7 × 7, 64, stride 1 × 2 × 2 - -

Max pooling 16 × 40 × 40 2 × 3 × 3, stride 2 - -

Res 2 16 × 40 × 40

©­­­­­­­­­«

1 × 1 × 1, 64

S : 1 × 3 × 3, 64

T : 3 × 1 × 1, 64

1 × 1 × 1, 256

ª®®®®®®®®®¬
× 3

©­­«
Spatial

Temporal

ª®®¬ × 3
©­­«

Spatial & Temporal :

1 × 1 × 1, 3

ª®®¬ × 3

Max pooling 8 × 40 × 40 2 × 1 × 1, stride 2 × 1 × 1 - -

Res 3 8 × 20 × 20

©­­­­­­­­­­­­«

1 × 1 × 1, 128

f irst sub layer stride 1 × 2 × 2

S : 1 × 3 × 3, 128

T : 3 × 1 × 1, 128

1 × 1 × 1, 512

ª®®®®®®®®®®®®¬
× 8

©­­«
Spatial

Temporal

ª®®¬ × 4
©­­«

Spatial & Temporal :

1 × 1 × 1, 3

ª®®¬ × 4

Max pooling 4 × 20 × 20 2 × 1 × 1, stride 2 × 1 × 1 - -

Res 4 4 × 10 × 10

©­­­­­­­­­­­­«

1 × 1 × 1, 256

f irst sub layer stride 1 × 2 × 2

S : 1 × 3 × 3, 256

T : 3 × 1 × 1, 256

1 × 1 × 1, 1024

ª®®®®®®®®®®®®¬
× 36

©­­«
Spatial

Temporal

ª®®¬ × 18
©­­«

Spatial & Temporal :

1 × 1 × 1, 3

ª®®¬ × 18

Max pooling 2 × 10 × 10 2 × 1 × 1, stride 2 × 1 × 1 - -

Res 5 2 × 5 × 5

©­­­­­­­­­«

1 × 1, 512

f irst sub layer stride 2 × 2

S : 3 × 3, 512

1 × 1, 2048

ª®®®®®®®®®¬
× 3 (Spatial) × 2 (Spatial : 1 × 1 × 1, 3) × 2

Max pooling 1 × 5 × 5 2 × 1 × 1 - -

Average pooling 1 × 1 × 1 1 × 5 × 5 - -

FC, Softmax 249

训练时，本⽂采⽤批随机梯度下降法，动量设置为 0.9，参数权值衰减为 0.5。

初始训练率为 0.0001，每训练 5000 轮训练率下降 0.9。单通道模型训练在 80000

轮时结束，融合模型训练在 10000轮时结束。单通道模型初始训练时，会使⽤Qiu

et al. (2017) 在 Kinetics 视频分类数据集 (Carreira et al., 2017) 上的预训练结果。
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Max pooling

Multi-task Unit

Max pooling
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×18×18
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Figure 4.3 Struture of feature extractor network
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表 4.2注意⼒结构参数⽰意（以 Res 3层为例）

Table 4.2 Example of attention structure’s parameters (Taking Res 3 as an example)

Layer Spatial Attetion Size Temporal Attention Size

1 1 × 1 × 1, 32 8 × 20 × 20 1 × 1 × 1, 32 8 × 20 × 20

2 Max pooling 8 × 10 × 10 Max pooling 4 × 20 × 20

3 1 × 3 × 3, 32 8 × 10 × 10 3 × 1 × 1, 32 4 × 20 × 20

4 Max pooling 8 × 5 × 5 Max pooling 2 × 20 × 20

5 1 × 3 × 3, 32 8 × 5 × 5 3 × 1 × 1, 32 2 × 20 × 20

6 Upsample 8 × 10 × 10 Upsample 4 × 20 × 20

7 1 × 3 × 3, 32 8 × 10 × 10 3 × 1 × 1, 32 4 × 20 × 20

8 Add with layer 3 8 × 10 × 10 Add with layer 3 4 × 20 × 20

9 Upsample 8 × 20 × 20 Upsample 8 × 20 × 20

10 1 × 3 × 3, 32 8 × 20 × 20 3 × 1 × 1, 32 8 × 20 × 20

11 1 × 1 × 1, 128 8 × 20 × 20 1 × 1 × 1, 128 8 × 20 × 20

12 1 × 1 × 1, 128 8 × 20 × 20 1 × 1 × 1, 128 8 × 20 × 20

4.3 多任务及注意⼒机制可视化

为了更加直观地说明多任务及注意⼒机制的作⽤，我们对 Res 2 层的⼿脸位

置检测和时间维度注意⼒进⾏了可视化。图4.2b虚线框中热点图，展⽰了图4.2a红

⾊虚线框⾥的相邻帧⼿脸检测结果。其中，左侧为脸部结果，右侧为⼿部结果。

可见，本框架多任务学习能够学习到⼿和脸的⼤致位置信息。但由于⼿和脸具有

⼀定相似性，可能会产⽣⼿脸间的误判。存在遮挡情况下，多任务机制的脸部识

别结果不好。4.2b下部⾊带为时间注意⼒，取 16 个时间 “帧” 全图时间注意⼒平

均数值后，再均⼀化，纯红⾊为强度最⾼，纯蓝⾊为强度最低，中间依次过渡。

此⽰意图证明了注意⼒能够使⽹络关注到有⼿部出现的帧，特别是抬起和准备

放下的动作。

4.4 ⼿语识别结果及性能⽐较

为了验证框架各模块的作⽤，本⽂设计了⼀系列模型的对⽐试验，并将RGB

通道的准确率总结在表4.3中。

本⽂预期⽬标是减少输⼊的预处理步骤，并保持⼀定的性能。所以，我们选

择了以对齐后的数据输⼊⽆修改的 P3D 模型作为基础模型 (Baseline model) 进⾏

对⽐。从表4.3可知，引⼊注意⼒机制和多任务学习使得性能相⽐基础模型有了
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很⼤的提升。

表 4.3各模型 RGB通道的准确率

Table 4.3 RGB Accuracy of different models

模型 验证集准确率 测试集准确率

Baseline 52.58% 55.96%

仅有注意⼒机制，⽆多任务学习 50.43% 52.30%

串⾏多任务学习 59.99% 60.53%

并⾏多任务学习 61.50% 63.37%

如果仅使⽤时空注意⼒机制，⽽⽆多任务学习，由于注意⼒机制引⼊了过多

的参数，使得模型更容易过拟合于训练集上，使得性能下降。⽽加⼊多任务学习，

使得注意⼒的参数得到了限制，减轻了过拟合的现象，性能有了显著的提升。

本⽂⽐较了两种多任务学习的性能。由表4.3的⽐较可见，并⾏学习模式⼿

语识别性能好于串⾏学习模式（两个模型参数数量⼀致）。分析有两种成因：1、

并⾏模式下，注意⼒结果是逐通道的，更有利于修正各个卷积层的特征提取结

果；2、⼿脸逐像素检测类似于语义分割任务，难度⾼于物体检测类任务，现有

的训练数据量不够⼤，难以使⽹络学习到准确的结果，对识别产⽣影响。

表 4.4主流模型性能对⽐

Table 4.4 Performance Comparison of mainstream models

No. Model Accuracy（Validation set） Accuracy（Testing set）

1 Ours 66.30% 68.60%

2 Miao et al. (2017) 64.40% 67.71%

3 Liu et al. (2017) (Updated version) 66.49% 68.92%

4 Narayana et al. (2018) (Global size input) 61.40% 67.50%

5 Narayana et al. (2018) 80.96% 82.67%

本⽂将并⾏多任务学习模式下，RGB 和 Depth 通道融合后的准确率与现⾏

主流⽅法进⾏了⽐较，具体结果见4.4。⽅法 2 为 2017 年 ICCV 孤⽴⼿语识别竞

赛⾸位结果Miao et al. (2017)，⽅法 3 为Liu et al. (2017)（2017 年 ICCV 连续⼿语

识别竞赛⾸位）的改进版本，⽅法 4和 5来⾃⾃当前最⾼性能⽅法Narayana et al.

(2018)。⽅法 5 在数据⼤⼩上使⽤了左右截出图及完整图，数据来源上利⽤了原

始 RGB 和深度，及其各⾃光流数据，总计 12 个通道，所以达到了极⾼的性能，
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但其仅适⽤原图⼤⼩的⽅法 4性能较本⽂⽅法低。如果本⽂也使⽤光流数据，并

对超参进⼀步调节，有望提⾼性能。
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本⽂设计了⼀种新型深度学习⼿语识别模型，利⽤注意⼒机制和多任务学

习，将关键区域检测和⼿语识别相结合，减少数据预处理步骤，并在 ChaLearn

孤⽴词⼿势数据集上达到了与当前最⾼⽔平⽅法可⽐的性能⽔平。本⽂由于时

间限制，对模型内层数等超参数还未进⾏有效调节，后期⼯作将关注于对模型超

参的细致调优，结合光流通道数据及改进融合⽅法，希望能够减⼩与当前最⾼性

能的差距。同时，后期⼯作将尝试把此模型迁移到⼿势连续词的识别上，使其应

⽤更加⼴泛。
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