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Abstract
Different modalities extracted from videos, such as RGB and optical flows, may provide complementary cues for improving
video action recognition. In this paper, we introduce a new modality named video sketch, which implies the human shape
information, as a complementary modality for video action representation. We show that video action recognition can be
enhanced by using the proposed video sketch. More specifically, we first generate video sketch with class distinctive action
areas and then employ a two-stream network to combine the shape information extracted from image-based sketch and
point-based sketch, followed by fusing the classification scores of two streams to generate shape representation for videos.
Finally, we use the shape representation as the complementary one for the traditional appearance (RGB) and motion (optical
flow) representations for the final video classification. We conduct extensive experiments on four human action recognition
datasets – KTH, HMDB51, UCF101, Something-Something and UTI. The experimental results show that the proposed
method outperforms the existing state-of-the-art action recognition methods.

Keywords Action recognition · video sketch · attention model

1 Introduction

Action recognition [1, 2] is a popular research topic in
multimedia community and plays an important role in many
multimedia applications, such as video surveillance [3, 4],
human-robot interaction [5] and video summarization [6].
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Although it has been studied for years, resulting in many
advanced action recognition algorithms [7, 8], it is far from
being a solved problem, due to various complexities, such as
large feature variations for each action, view angle changes,
lighting differences and occlusions.

Prior researches have revealed that the use of different
modalities, such as RGB and optical flows, can benefit
action recognition, even if they are all extracted from
the original RGB image [9, 10]. Other modalities, e.g.,
depth map or human skeleton, can further promote action
recognition [11, 12]. But its acquisition may require
additional devices, such as MS Kinect sensors.

Human action always involves the body-posture variation
over time. Those variations are well reflected by the spatial-
temporal change of the shape of the human’s body. Video
sketch, which represents body shape variations, is a set of
lines and points, whose shapes and positions can be tracked
between frames [13] and has been proved to be an important
cue for video action representation [14].

However, how video sketch can benefit video action
recognition is still an open problem and has not been well
explored yet. In this paper, we investigate this problem
by more effectively incorporating video sketch into action
recognition. As shown in Fig. 1, we propose to use video
sketch as a new complementary modality along with the
traditional appearance (RGB) and motion (optical flow)
modalities for enhancing video action recognition.

Published online: 6 November 2020

Applied Intelligence (2021) 51:2589–2608

http://crossmark.crossref.org/dialog/?doi=10.1007/s10489-020-01905-y&domain=pdf
mailto: yphuang@bjtu.edu.cn
mailto: 15112071@bjtu.edu.cn
mailto: miy@cec.sc.edu
mailto: 15112073@bjtu.edu.cn
mailto: qzou@bjtu.edu.cn
mailto: SONGWANG@cec.sc.edu


Ac�on: HulaHoop

Combina�on

Appearance Mo�on Sketch

Image-based sketch Point-set-based sketchRGB Op�cal flow

Fig. 1 An illustration of the three components used for action recognition in the proposed method. From the sample video frames, we derive
appearance (RGB), motion (optical flow) and video sketch and combine the feature representation extracted from network for final video action
recognition

There are two key issues that need to be solved for
video-sketch-based action recognition. The first one is that
irrelevant information may be still preserved during the
action sketch generation process, which may hinder the later
action recognition. Thus, how to generate the action-related
sketch while ignoring the irrelevant background information
is a crucial step in introducing shape information for action
recognition. The other difficulty is that video sketch consists
of highly abstract lines. Different from images containing
rich texture and color information, it is a great challenge
to learn distinctive and powerful features for video
sketches.

To tackle the above issues, we develop a novel video
sketch convolutional neural network for action recogni-
tion, named Video Sketch Action Network (VSA-Net),
which adaptively learns an action-related and sketch-
based video representation. The architecture of the
proposed VSA-Net is illustrated in Fig. 2. We first pro-
pose an attention guided sketch generation method that
can generate the action-related sketch. Secondly, we trans-
form the sketch images into point-set-based data to obtain
a powerful shape representation. Thirdly, we propose a
two-stream network, which combines the image-based

sketch and the point-based sketch to produce a more
effective sketch based representation for video action.
In the experiments, we combine the proposed VSA-
Net network with temporal segment networks (TSN) [9]
on RGB and optical flow and achieve very promising
results.

To summarize, we make the following contributions in
this paper:

– We combine the video sketch generation and
class-discriminative localization technique to gen-
erate attention-based sketch with localization
discriminability for representing actions.

– We propose a two-stream network for effective deep
representations of video sketch. Especially, we use
point-based sketch representation to further improve
action recognition accuracy.

– We show that video sketch is an important modal-
ity which is complementary to the traditional appear-
ance and motion modalities, and achieve state-of-
the-art performance on challenging action recognition
benchmarks (KTH, HMDB51, UCF101, Something-
Something and UTI).
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Fig. 2 An overview of our unified VSA-Net architecture for action
recognition (better viewed in color). Given a consecutive frame
sequence, we first produce original sketches from the action video
(Section 3.1). Salient regions for object classes and background are
first localized by Grad-CAM based on the above result. From the com-
bination of salient regions and original sketches, the attention-guided
sketches are then used to train SGAV model to generate final sketches

(Section 3.2). The sketches are then processed in the image-based
sketch recognition blocks and point-based sketch recognition blocks
to encode shape information. Subsequently, a score weighted average
of two separate networks is used to estimate the action label for shape
information (Section 4). Finally, the class score fusions of appearance,
motion, and shape are fused for the final video action recognition

2 Related work

There exists a body of literature on human action
recognition. Here we cover the previous works which are
related to our method. We first outline the works involving
different modality of action recognition. Then, we introduce
the works of sketch generation. Finally, we cover the work
related to sketch recognition.

2.1 Action recognition

We can summarize existing action-recognition approaches
based on different popular modalities: spatial (RGB),
temporal (Optical Flow), pose and skeleton.

Feature extraction from RGB video data is a well-
explored field in complex human action classification.
Many existing techniques extract the most salient features,
such as histogram of 3D oriented gradients (HOG3D) [15],
3D scale invariant feature transforms (3D-SIFT) [16]
and volume local binary pattern (volume-LBP) [17].
In [18], Du et al. propose a new model named C3D for
action recognition on RGB videos and achieve promising
performance. In [19], Wang et al. propose a two-stream
3D ConvNet framework and show that RGB data is
sufficient to discriminate most of actions. In [20], Hu et al.
explore modality-temporal mutual information and combine
RGB features with other features to supply the contextual
information. In [21], Liu et al. propose to use diverse
combinations of atomic actions and their temporal relations
under uncertainty for complex activity recognition.

Owing to the use of optical flow, action recognition
has got a significant breakthrough, such as the two-stream-
based method [9] and 3D-convolution-based method [22].
Several works learn CNNs to predict optical flow and

achieve good performance in action recognition [23–25].
Derived from optical flow, Su et al. [26] proposes Optical
Flow guided Feature (OFF) by computing the gradients
of representations and temporal differences, which enables
the network to distill temporal information through a fast
and robust approach. Unlike prior works, Piergiovanni
et al. [27] introduce the concept of learning ‘flow of flow’
only relying on RGB input to obtain powerful representation
with fewer parameters. Wang et al. [28] present a two-
stream 3D ConvNet fusion framework by considering both
appearance and optical flows, which solves the issues of
fixed-sized and fixed-length input video.

Human pose is certainly an important cue for action
recognition [29] in addition to appearance and motion. It has
been proven that pose modality is highly discriminative to
recognize complex actions [30, 31]. Recently, pose-related
deep learning methods [32, 33] have been introduced to
boost recognition accuracy. Luvizon et al. [32] propose
an end-to-end trainable multitask framework to perform
2D and 3D human pose estimation jointly with action
recognition.

Recently, skeleton-based human action recognition has
attracted more attention [34]. It can be mainly classified
into two categories: hand-crafted feature based methods
and deep-learning based methods. Traditional methods
design several hand-crafted features to capture the dynamics
of joint motion, including covariance matrix of joint
trajectories [35], relative positions of joints [36], graph
representation [37] or rotation and translation between body
parts [38]. Deep learning feature based methods can be
further divided into the CNN-based model [7, 11, 39] and
the RNN-based model [34, 40]. These approaches mainly
emphasize the importance of modeling the joints within
parts of human bodies. Different from recurrent neural
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network (RNN) models, Zhang et al. [41] propose to fuse
geometric features for skeleton-based action recognition,
where they use a new smoothed score fusion technique to
learn classification from different streams. Hou et al. [42]
use deep neural networks to represent the video for action
recognition by encoding as much as possible the spatio-
temporal information of a skeleton sequence into color
texture images.

Different from the above modalities, we propose to
incorporate video sketch modality for action recognition.
Most conceptually related to our work is [8], which uses
fast edge detection for sketch generation and R-CNN for
human detection. Then, four types of sketch pooling are
applied to get a uniform representation of human action.
Actually, not all information in the surrounding environment
is useful for action analysis and the irrelevant information
often brings a lot of noise [43–45], thus we need to pay
more attention to the informative ones. Meanwhile, we
think that shape information conveyed by sketch plays an
important role for representing video actions, which will
be further demonstrated in Section 5.2. Based on the above
considerations, we propose attention guided sketch and
shape-based representation for video action recognition.

2.2 Sketch generation

Sketch generation is the process of producing a sketch
similar to the one made by painters. Previous sketch
generation algorithms can be mainly divided into two types:
one is based on hand-crafted features and the other is based
on deep features.

For the generation methods based on hand-crafted
features, most of them employ a contour detection and
object segmentation method [46–49], which aim to produce
continuous curves that can perfectly depict constitute global
profiles of the objects. Later, Lim et al. [50] propose a
novel approach named sketch tokens, which uses mid-
level features to learn and detect local contour-based
representations. In contrast, Qi et al. [51] exploit perceptual
grouping principles to generate a sketch from a natural
image conveniently.

For the approaches based on deep features, Xie
and Tu [52] propose a new holistically nested edge
detection (HED) model, which uses multi-scale and
multi-level feature learning and perform image-to-image
prediction. Based on HED [52], Liu et al. [53] develop
an accurate richer convolution feature (RCF) model,
which achieves edge detection by combining all the
meaningful convolution features in a holistic manner. Zhang
et al. [54] propose SG-Net to make full use of image
features and combine a convolutional neural network and
mathematical morphology technology to obtain a human-
drawing-like sketch. Yu et al. [55] design an end-to-end

deep architecture named CASENet for category-aware
semantic edge detection. Recently, with the development of
GANs [56], a large number of works [57, 58] are developed
to achieve the sketch generation by cross-domain image-
to-image translations. Different from the above methods,
generating sketches of actions needs to focus on informative
areas in each frame and try to ignore the irrelevant ones.

2.3 Sketch recognition

For sketch recognition, many researchers focus on improv-
ing classification performance by using different classifiers
with the help of hand-crafted local and global feature rep-
resentations [59, 60]. Inspired by the release of the first
large-scale free-hand sketch dataset, TU-Berlins [59], many
works [61, 62] explore free-hand sketch recognition by
using various hand-crafted features together with classifiers
such as K-Nearest Neighbors (KNN) and Support Vector
Machines (SVM).

In recent years, CNNs have demonstrated excellent
performance in many computer vision tasks [63], including
sketch recognition [64, 65]. Yu et al. [66] consider the
sparse visual signals and intra-class variance of sketches,
and propose the first CNN-based framework for sketch
recognition, which outperforms previous handcrafted-
feature based methods by a large margin. Sarvadevabhatla
and Babu [67] present a deep-learning based framework
for recognizing freehand sketches of object categories
considering sparse visual details. Zhang et al. [68] develop
a triplet network to automatically learn latent structure
features from sketches.

Different from previous work recognizing sketches
derived from images, we propose to recognize actions
based on sketches from videos. Specially, we use TSN to
model long-range temporal structure of videos and represent
the selected frame with image-based and point-based
sketches.

2.4 Multi-view learning

In order to use heterogeneous features, some researchers
propose to use multi-view learning for various learning
tasks. Xiao et al. [69] utilize multi-view data sources
for the task of inferring disease-associated miRNAs. Sun
et al. [70] presents eight PAC-Bayes bounds, which can
be applied to different tasks, e.g. density estimation [71]
and reinforcement learning [72]. Wang et al. [73] propose a
general Graph-Based System for multi-view clustering and
boost the clustering performance by a large margin. Sun
et al. [74] introduce multi-view semi-supervised learning
based co-training style and co-regularization style methods.
Sun et al. [75] propose a multi-view maximum entropy
discriminant model for learning with different numbers of
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views and achieve a high performance for violent behavior
recognition of still images.

Just like multi-view learning with different view con-
struction, the property of data from real application using
multi-modality can be described by different features. Liu
et al. [76] propose a hypergraph learning model for dis-
ease diagnosis with incomplete multi-modality data. Zhang
et al. [77] design a generic sensor-agnostic multi-modality
MOT framework for multi-sensor multi-object tracking.
Meanwhile, the idea is also extended to human action
recognition. Gkalelis [78] and Iosifidis [79] extract binary
silhouettes of human body and use multi-view posture for
human movement recognition. Ren et al. [80] design an
effective segmentation convolutional networks architecture
based on multi-modality hierarchical fusion strategy for
human action recognition.

Inspired by the multi-view learning that exploits the
redundant views of the same input data and improve
the learning performance, we propose a new modality,
named sketch modality, to provide more abundant and
complementary information. The multi-modality strategy
captures the spatial-temporal and shape information, and
finally obtains a better representation for action video.

3 Discriminative sketch generation
architecture

Sketch is widely used to render the visual world, and we
can describe our ideas by sketching on different touch-
screen devices [81]. How to effectively generate a sketch
with discriminative regions from action videos remains an
open problem. In general, the proposed architecture consists
of two learning stages. The first stage aims to generate
original sketches from action videos using sketch generation
network (Section 3.1). In the second stage, attention guided
convolutional neural network is employed to refine original
sketches and focus on informative areas (Section 3.2). Some
examples are shown in Fig. 3.

3.1 Sketch generation network

To extract shape structure of the human bodies in action
videos, we design an effective architecture called sketch
generation of action video (SGAV ). The generated sketches
should be able to depict the full profile of subject similar
to human contours and some other important details.
We design SGAV based on SG-Net [54], which extracts

Balance Beam

Pole Vault

Tai Chi

(a) (b) (c) (d)

Fig. 3 a Sample video frames for different action in UCF101. b Original generated sketch. We generate original sketch from the primitive image.
c Class-discriminative frame regions in heatmaps, which is used as a guide to refine original sketch. d Final generated sketch
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multi-scale and multi-level information from different CNN
layers for sketch generation. The baseline method [54]
is based on VGG-Net [63], in which the network only
combines the last convolutional feature maps of four stages
for sketch generation. Meanwhile, it only generates a
sketch for clean background in an image. However, action
videos usually involve objects with complex background.
To address this issue, we propose to combine all the
convolutional features maps in four stages for final action
sketch generation. This way, more levels of information
can be utilized [82] and we can obtain lots of useful
information. The modification is shown in Fig. 4. Compared
with SG-Net, each convolution layer at four stages in
SGAV is connected to a 1 × 1 convolution layer and
the number of channel is half of the previous layer. The
resulting feature maps in each stage are accumulated to
formulate hybrid features. When training the network,
similar to [54], our loss function can be formulated as
follows:

L (W) =
|I |∑

i=1

(
K∑

k=1

l
(
X

(k)
i ; W

)
+ l

(
Xf use

i ; W
))

, (1)

where X
(k)
i denotes the activation value from stage k.

W denotes all the parameters that will be learned in our
architecture. X

f use
i denotes the result from the fusion layer.

|I | is the number of pixels in image I , and K is the number

of stages (equals to 4 here). l
(
X

(k)
i ; W

)
is defined using

class-balanced cross-entropy loss function as follows:

l (X; W) = −β
∑

j∈Y+
log Pr

(
yj = 1|X, W

)

−γ
∑

j∈Y−
log Pr

(
yj = 0|X, W

)
, (2)

where β = |Y−|/ (|Y+| + |Y−|) and γ =
|Y+|/ (|Y+| + |Y−|) · |Y+| and |Y−| denote the sketch
and non-sketch ground truth label sets, respectively.
Pr(·) = ϑ

(
a(K)

) ∈ [0, 1] is computed using sigmoid
function ϑ (·) on the activation value at pixel j . a(K) are
activation maps of the side-output of layer K .

3.2 Attention guided sketch refinement

Previous works [43, 83] have already demonstrated that in
each action sequence, there exists a subset of informative
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improved VGG-Net and two networks share it
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areas of human body which are important, while the
others can be irrelevant (or even noisy) for action
recognition. Thus, we need to identify more informative
areas, meanwhile trying to ignore the features of the
irrelevant areas.

Following Selvaraju et al. [84], we use the concept of
“visual sentinel” as a reference to determine which sketch
region need to be focused for accurate action recognition.
To achieve this, we fine-tune SGAV on sketches that
are extracted from the training videos in video action
datasets [85–87], which aims to get video-sketch based
model for attention map generation. Then, we use the above
model and get the gradients of class scores with respect
to pixel intensities, which can visualize important sketch
regions as a class activation mapping Y c and is calculated
as follows:

Y c =
∑

k

wc
k · 1

Z

∑

i

∑

j

Ak
ij , (3)

where 1
Z

∑
i

∑
j

Ak
ij is the output of global average pooling

(GAP) on feature map Ak
ij . Z is the pixel number of feature

map. i and j denote the pixel position. wc
k is the weight

connecting the kth feature map with the cth classes.
Finally, we can get discriminative area and the redundant

information will be filtered out by (4). The calculation
process is repeated for all pixel values.

F(X) = α ∗ Xij . (4)

If the discriminative area is activated in the attention map,
we set α to 1, otherwise 0. Xij is original sketches with
different gray values in (i, j).

4 Action sketch network

Once we get the sketch with discriminative area, the action
sketch network is employed for video-level recognition.
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Fig. 5 Two-stream architecture for video sketch-based action recognition. First, the framework extracts short snippets over a long video sequence
with a sparse sampling scheme [9]. Then, we use two different streams to extract features and finally aggregate information from the sampled
snippets
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Fig. 6 The input alignment is
achieved by 2 × 2 affine
transformation matrix. Specially,
the input of point-sets is a
512 × 2 matrix. We use a 2 × 2
transform matrix generated from
the neural network to multiply
the input, and the return value
will be a 512 × 2 matrix
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The network can be decomposed into two streams: image-
based sketch stream and point-based sketch stream. The
image-based part, in form of original sketch, extracts texture
information from a video. The point-based part, in the form
of point-set-based sketch, conveys shape information from
the video. Generally speaking, the shape descriptor is robust
for high flexibility of sketch, which is complementary to
image-based representation [88]. Therefore, we use TSN
to model long-range temporal structure and achieve video-
sketch-based action recognition by fusing two different
streams. The architecture is shown in Fig. 5.

4.1 Image-based sketch stream

We follow TSN to construct this stream and choose Batch
Normalization (BN-Inception) [89] as the building block.
Different from original TSN [9], the image-based sketch
stream operates on video sketch. Meanwhile, we use larger
filters (11 × 11) for the first convolution layer. The main
reason is that the filters in the first convolutional layer
contain the most sensitive parameter [90], as all subsequent
processing depends on the first layer output. What’s more,
sketches are highly iconic and abstract, and lack texture
and color information. Therefore, larger filters are more
appropriate for sketch modeling and can capture more
structured context information [66].

4.2 Point-based sketch stream

The representation dedicated to image-based sketch stream
treats the action sketch as original RGB. The idea may lead
to ambiguous feature representations due to more variations
of sketches, which can be addressed by learning point-based
structural representations [65]. Inspired by shape matching

Table 1 Ablation comparisons of action recognition accuracy only use
sketches on the KTH, HMDB51 (split1) and UCF101 (split1) datasets.
Baseline denotes that the network is trained on original sketches and
uses image-based sketch feature for action recognition

Method KTH HMDB51 UCF101

baseline 77.17% 50.46% 77.86%

baseline, w/ AS 84.72% 56.93% 81.46%

baseline, w/ AS+PSF 85.67% 57.92% 82.53%

in 2D shape [91] and sketch recognition by landmark-
based structural representation [65], we think that point-
based sketch can be helpful to recognize and understand
the physical structures of human bodies and the objects
interacted with the bodies in video action recognition [92–
94]. To achieve this, we first transform a video sketch into
a set of points. Then, we extract the point-based features
for the shape representation. When representing human
action by point-based sketch, there are two difficulties to be
addressed:

– Point-based shape invariance. We consider that the
features learned from sampling points should be
invariant for certain transformations of human bodies
and objects in action videos, such as rotation and
translation [95].

– Invariance under different point sampling order. Points
sampling is usually required when extracting a fairly
large number of points from a video sketch. However,
points sampling from different starting position may
lead to various degrees of point perturbations even for
the same action sketch [96].

Here, we propose a unified architecture, named Sketch
Point Network (SPN). To insure the first invariance, we use
a small alignment network to predict a matrix and align the
points to the same space. To insure the second invariance,
we use pooling strategy to achieve invariant representation.
Next, we will first introduce the algorithm of point sampling
in details. Then, we describe the network architecture of
SPN.

Table 2 Action recognition accuracy of sketches based on components
analysis of the proposed method on the HMDB51 and UCF101
datasets (split2 and split3). From top to bottom we add the component
one by one

Method HMDB51 UCF101

split2 baseline 50.90% 77.42%

baseline, w/ AS 56.89% 81.24%

baseline, w/ AS+PSF 57.73% 82.15%

split3 baseline 51.02% 77.65%

baseline, w/ AS 57.12% 81.20%

baseline, w/ AS+PSF 58.12% 82.31%
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Table 3 Exploration of fusion with RGB and optical flow modality
for action recognition accuracy on the HMDB51 and UCF101 datasets
(split1). “TSN-RGB” refers to the setting where the temporal segment
network framework [9] is applied on top of the best performing
BN-Inception architecture

Method HMDB51 UCF101

TSN-RGB 59.54% 83.74%

TSN-Flow 71.42% 89.23%

TSN-TwoStream 75.42% 94.32%

VSA-Net+TSN-RGB 67.14% 87.90%

VSA-Net+TSN-Flow 76.18% 93.94%

VSA-Net+TSN-TwoStream 78.82% 97.27%

4.2.1 Point sampling

The points in action sketches are denoted as X =
{x1, x2, ..., xn}, which can be sampled randomly. However,
the points may be heavily concentrated in some posi-
tions [97] and it results in poor shape representation of
sketch. Therefore, we sample point sets from the sketch by
iterative farthest point sampling (FPS) [98] and get equidis-
tantly spaced points. The main advantage of this strategy
is that the final points have better coverage, which guaran-
tees the object shape have a good representation. We sample
512 points for each frame in the action sketch, which repre-
sent the horizontal and vertical positions of the points in the
frame.

4.2.2 Architecture of SPN

SPN consists of two processing stages. First, we align
different point-sets to the same space before feature
extraction. Second, the points are processed sequently by

MLP, pooling and fully connected layers and finally we
obtain high-level point-based sketch representation.

Alignment The spatial representation should be relatively
insensitive to certain transformation in the video. To solve
the alignment problem, we propose a neural network, which
can predict a 2 × 2 affine transformation matrix. Actually,
the affine transformation is shown to be effective for
representing human action transformation in videos [99,
100]. The point-based video sketch can be aligned to the
input space by multiplying the prediction matrix. As shown
in Figure 6, the alignment network consists of MLP and
multiple fully connected layers. Then, the following layers
are composed of a max pooling and three fully connected
layers with output size 1024, 512 and 101.

MLP The structure of MLP [101] is composed of three
layers, including one input layer, more than one hidden
layer, and one output layer. The five hidden layers of MLP
have the size of 64, 128, 256, 512 and 1024, respectively.

Pooling As described in [102], point orderless is a key
issue when we extract the shape feature. In order to
achieve invariant representation of point-based sketch,
we follow [103] to use max pooling and aggregate the
information extracted from previous layers. Here, n vectors
are used as the input of max pooling, which is calculated by
the MLP module.

Fully connected layers The output of max pooling is fed
to the fully connected layers, which can transform the
extracted vectors into a new space and make the final output
easier to classify.

Fig. 7 The Confusion Matrix on KTH Dataset. The left figure uses RGB and optical flow modality and the right is by using RGB, optical flow
and the new proposed sketch modality

2597Video sketch: A middle-level representation for action recognition



Finally, we train the network with standard categorical
cross-entropy loss. Specifically, given training videos V

with action class C and the groundtruth yi concerning class
i, the loss function is defined as follows:

L = −
C∑

i=1

yi

⎛

⎝Pi − log
C∑

j=1

expPj

⎞

⎠, (5)

where Pi = F(WX1 + b, WX2 + b, ..., WXN + b) denotes
video-level score of the same class on all the snippets.
F (·) is the function representing point-based sketch stream
with parameters W which operates on the short snippet
{X1, X2, ..., XN }. b denotes the bias term.

5 Experiments

We conduct extensive experiments on action recognition
for different strategies. In section 5.1, we introduce five
datasets and some protocols in details. Section 5.2 performs
analysis for the architecture design. Section 5.3 makes more
analysis for different modules, followed by the comparison
with state-of-the-arts by combining video sketch modality
and RGB/optical flow modality in section 5.4.

5.1 Experimental setup

Datasets. KTH [85]. The KTH dataset contains a total
of 2,391 grayscale videos and six types of action class:
walking, jogging, running, boxing, hand waving, and hand
clapping. Meanwhile, there are four different environments
in the video sequences: outdoors, indoors, scale variation in
different scenes and cloth variation of different people.

HMDB51 [86]. This dataset contains 6,849 videos from
various sources and 51 action classes, which provides three
cross-validation folds and each with 3570 training and 1530
test videos. The dataset provides two versions: the original
and the one with motion stabilization. We choose to use the
former version, which contains more complex scenes and
thus it is more challenging.

UCF101 [87]. This dataset is composed of 13,320 RGB
video clips and 101 action classes, which also provides
three cross-validation folds for evaluation. UCF101 is
particularly interesting, because this dataset is composed
of several aspects of action, e.g., various types of indoor
and outdoor activities, camera motion at different speed and
capturing picture at different angles, cluttered background

Table 4 Experimental results on UCF101 dataset using different
kernel size in action recognition task

Kernel Size 7 × 7 11 × 11 15 × 15

Accuracy 97.3% 97.6% 97.8%

Table 5 Comparison of adding alignment module or not in the
architecture design for SPN

Method

Dataset

UCF101 HMDB51

VSA-Net+TT w/o alignment 97.4% 79.5%

VSA-Net+TT 97.8% 80.0%

and various objects. Following other recent works on end-
to-end learning such as [104] and [105], we report averaged
action recognition accuracy on all the splits.

Something-V1 [106] This dataset consists of 110k videos
of 174 different low-level actions. Each video lasts between
2 to 6 seconds. There are some challenging videos with
ambiguous activity, such as ‘Turn something upside down’
versus ‘Pretending to turn something upside down’. The
character of the above video is the temporal relations and
transformations rather than the appearance of the objects.

UT-Interaction [107] The UT-Interaction dataset (UTI) is
a popular action recognition dataset for the interaction of
two different people, which includes six kinds of behaviours
with 16 people in real scenes, namely, shaking hands,
pointing, hugging, pushing, kicking and punching. UTI
contains two sub-data sets (UTI-1 and UTI-2) and each
contains 10 videos. Each video consists of 180 frames with
the frame rate set at 30 frame/s. UTI-1 is collected on
the parking lot and UTI-2 is collected on a lawn. When
measuring the recognition accuracy, we use 10-fold leave-
one-out cross validation for each set.

Training details We perform our evaluation on four
datasets, using the training split for training and the
testing split for testing. And, we use ImageNet [108] and
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Fig. 8 Per class recognition accuracy of our proposed method on the
HMDB51 dataset (split1). The meaning of “AS” and “PSF” is the same
as Table 1
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Fig. 9 Visualization of the proposed video sketch modality on the
HMDB51 dataset. The first and fourth column denote different frames
of action video. The second and fifth column denote the generated

video sketch. The third and sixth column denote feature map extracted
from the convolution layer of inception 3a 1x1 out for sketch.

Kinetics [22] as the primary benchmarks, as they are large
enough to enable training of deep models from scratch. For
the SGVA network, the hyper-parameters we set include:
learning rate (1e-6), momentum (0.8), and the number of
training iterations (60,000; divide learning rate by 100
after 10,000). During the training process, video frames are
all scaled to 224 × 224. For the attention-guided sketch
refinement, the input size is set to 224×224. Meanwhile, we
use stochastic gradient descent with 0.9 momentum and fix
learning rate schedule (decreasing the learning rate by 8%
every 5 epochs) for BNIception network [89]. For the SPN,
we sample 512 points. We use dropout with keeping ratio of
0.7 on the last three fully connected layers. The decay rate
for batch normalization starts from 0.4, which is gradually
increased to 0.99. We adopt adam optimizer with a learning
rate of 0.001, and a batch size of 128. The learning rate is
divided by 4 every 6 epochs.

For Something-V1 dataset, we finetune the network for
25 epochs. For KTH, HMDB51 and UCF101, we finetune
for 20k iterations. The whole training process on UCF101
and HMDB51 takes around 1.5 days on two Titan Xp GPU
for the VSA-Net architecture.

Testing details We perform frame-wise evaluation as
TSN [9]. Specifically, following the testing scheme of TSN,
we sample 25 snippets of different modalities. For the
sampled snippets, we crop 4 corners and 1 center, and their

horizontal flipping. Meanwhile, to aggregate the predictions
of different crops and snippets, we adopt average pooling.
For the fusion of predictions from multiple modalities, we
take a weighted average of them, where the fusion weights
are determined empirically.

5.2 Architecture design analysis

In this section, we perform the ablation study on three
datasets to evaluate the significance of each component in
our proposed VSA-Net. In the first and second experiments,
the baseline model uses original sketches that is generated
from SGAV, and only extracts image-based sketch features
for human action recognition. To prove the effectiveness
of representation information, we establish the following
settings: AS refers to combine attention guided sketch in
action recognition, while PSF represents that the action
recognition is combined with point-based sketch feature. TT
represent TSN-TwoStream.

Comparison of attention guided sketch refinement We first
evaluate the impact of attention guided sketch for VSA-
Net. The improvement is striking (shown in Table 1
and Table 2): sketches without attention mechanism lag
far behind ours and fine-tuning with the above datasets
can increase accuracy by 5% to baseline model. The
result suggests that attention-guided sketches can remove

Fig. 10 Illustration of two
different modalities. The picture
from left to right: original
image, sketch generated by our
methods and edge-detection
map generated from gPb

Sketch gPb edge-
detec�on 

map
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Table 6 Performance under different modalities. The first column
represents that the action recognition is performed using TSN-
TwoStream under RGB and optical flow modality. The second and
third column represents that the action recognition is performed
using TSN-TwoStream+VSA-Net under RGB, optical flow and new
modality on HMDB51 split2

Base Base+edge map Base+sketch map

76.13% 76.18% 79.12%

non-relevant information and leverage action recognition
performance.

Comparison of point-based sketch representation As
shown in Table 1 – 2, we can observe that the perfor-
mance can be improved by incorporating the point-based
sketch representation. The reason is that point-based sketch
conveys more shape information and combining both
image-based and point-based sketch can lead to a better
shape description.

To further investigate the effect of the shape modality, a
fusion analysis with RGB and optical flow in term of the
recognition accuracy are also presented in Table 3. We can
see that VSA-Net is able to boost the performance of RGB
and optical flow. This demonstrates that modeling video
sketch modality is crucial for better understanding action in
videos. We also find that the new video sketch modality is
only a complementary for RGB and optical flow and it can
not be used as a replacement of them.

In order to clearly clarity the sketch modality, we also
provide the visualized confusion matrix on KTH dataset
by combining three modalities. As shown in Fig. 7, the
performance is improved significantly for action classes -
“handwaving” and “clappiing”.

Study of kernel size and alignment We present the study
by conducting the following experiments: the effect of
kernel size in the architecture design of image-based sketch
representation (referred in Section 4.1) and the ablation
study of alignment in the architecture design of SPN
(referred in Section 4.2.2).

Table 4 analyzes the action recognition accuracy of the
improved TSN network and the native TSN network for
different kernel sizes. We observe that the small kernel size
results in dramatic performance reduction. We contribute
the reason to two aspects: one is that the size of filters in
the first convolutional layer possesses the most sensitive
parameter and all subsequent operations depend on the
first layer output, and the other is that sketch is composed
of lines and lacks color and contextual information when
we perform feature extraction and action recognition.
Larger filters can contribute to the network capturing more
structured context rather than textured information.

Table 5 shows the positive effects of alignment module.
It’s interesting to see that using input alignment gives
a 0.4% and 0.3% performance boost on UCF101 and
HMDB51 datasets, respectively. Thus, the affine matrix
learned by alignment module is necessary for the video
action transformation to work. By combining it to the input,
we achieve the best performance.

5.3 Further analysis

In this section, we show the quantitative and qualitative
results for further analysis.

Action recognition results We randomly select 19 cate-
gories from the HMDB51 dataset to validate the effect of
each module of VSA-Net and the results are shown in Fig.
8. From the results, we can observe that the average gain is

Fig. 11 Accuracy on HMDB51
and UCF101 dataset when
leveraging different numbers of
segments in action recognition
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Table 7 Comparison of different network combination selection on Something-V1 dataset

Architecture Accuracy(%) Parameters(Millions)

TSN-TwoStream 32.63 13

I3D 41.57 25

VSA-Net+TSN-TwoStream 34.75 23.5

VSA-Net+I3D 42.87 35.5

5%. Especially, the performance on the action “pour” and
“swing baseball” is improved by 7% and 11% respectively.
We believe that our proposed model is able to capture the
interaction by coupling deep feature and shape informa-
tion between human-body and environmental objects. We
also notice that the performances of “kiss” and “pullup” are
just little better than baseline models. This is because the
RGB and optical flow already provide enough cues for these
actions, and coupling video sketch can not bring more extra
benefits.

Visualization results We further perform the qualitative
evaluation. Firstly, we visualize sketch generation module
(in Section 3) of our VSA-Net in Fig. 9. The results shown in
the 2nd and 5th columns demonstrate that sketch-attention
mechanism can take temporal evolutions of video action as
a dynamic cue to effectively capture discriminative regions.
Moreover, we show some feature maps from the video
sketch. As shown in Fig. 9 (the 3rd and 6th column),
the feature map visualization of sketch is extracted from
the convolution layer of inception 3a 1x1 out. We can
conclude that models with fine-tuning are more capable
of representing visual concepts. With the knowledge
transferred from a fine-tuning process with attention guided
sketches, we can capture more meaningful visual structure.

Different modality comparison To further demonstrate the
effectiveness of sketch modality, we try another similar
modality using edge-detection map (shown in Fig. 10).
As shown in Table 6, we combine the edge map to
TSN-TwoStream, and there is almost no performance
improvement on HMDB51 split2. While we achieve more
than 3% performance gain by proposing to use two different
sketch features: video sketch-based feature by adapting
an existing architecture and point-set-based sketch feature
by designing a new architecture, which shows that real

sketch features can help action recognition while classical
edge maps can not. The main reason is that edge maps
contain many redundant lines and seriously affect the
action-recognition performance.

Effect of number selection of segments To validate the
effects of parameters involved in VSA-Net towards
reognition performance, we conduct experiments with three
modalities fusion on HMDB51 and UCF101 datasets.

In previous inference experiments, we follow the
standard setting [109] and the number of frame is set to
25 for fair comparisons. Furthermore, during the inference
phrase, we extract different numbers of frames per video
to validate the effect towards recognition accuracy. Fig. 11
illustrates the performance of action recognition when
leveraging different numbers of segments. It is clear to see
that the performance generally improves with an increase in
number of segments. When the number exceeds a point of
50, the accuracy becomes smooth gradually. This result is
also expected as only a few segments may not be sufficient
to present the entire video such as 5 in this case, whereas a
certain number of segments (25 in this paper) could already
provide a good coverage.

Effect of larger dataset and parameters In the evaluation of
Section 5.2, we observe that the proposed modality shows
the promising performance on small benchmarks. To see the
effectiveness on larger dataset and how many parameters are
required, we conduct another experiments on Something-
V1 dataset. The result is shown in Table 7, and we can
have the following observations: the combination of VSA-
Net+TSN-TwoStream and VSA-Net+I3D achieves higher
performance than any single network, and they require more
parameters. It is possibly due to that VSA-Net can provide
more shape information and a better description of shape
pattern. Thus, the final combination of RGB, optical flow

Table 8 Run time analysis on UCF101 dataset. “OF” denotes the optical flow modality

Method Usage TSN-RGB+OF TSN-OF+VSA-Net-Sketch TSN-RGB+VSA-Net-Sketch

RunTime (hours) 49.3 49.3 3.7

FPS 14 14 186

Accuracy 94.2% 93.8% 88.4%
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Fig. 12 Action recognition
accuracy by Inception-resnet-v2
with iDT [110], TSN and our
model on the UT-Interaction
dataset

Punching Kicking Pushing Hugging Pointing
Shaking

hands
Average

Inception-Resnet-v2 95 100 95 95 98 95 96.3

TSN 96 100 96 98 98 96 97.3

Ours 98 100 98 100 99 99 99
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and sketch can contribute to more discriminative power for
action recognition.

Analysis of time and efficiency For the process of sketch
generation, VSA-Net takes about 0.012s per frame and thus
it needs additional 8.2 hours to generate video sketch for
UCF101. Furthermore, to analysis the running time when
evaluating the video-level representation, we compute the
runtime of TSN and VSA-Net on the UCF101 dataset. The
result is shown in Table 8, and we can obtain the following
conclusions: (i) the extraction of optical flow is very time-
consuming. (ii) when the input is RGB or sketch modality,
the runtime of feature extraction is much faster.

Multi-person dataset In the above evaluation, we can see
that the model performs well on single-player sports. To

Table 9 Action recognition accuracy of our method compared with
state-of-the-art methods on the UT-Interaction dataset

Method UTI-1 UTI-2 Avg.

RSTF [111] 83.5% 72.5% 78.0%

HSTF [112] 88.3% 80.0% 84.1%

BSTF [113] 90.0% 83.9% 86.9%

SAFARRIs [114] 89.2% 87.7% 88.5%

LTRC [115] 85.0% - -

MS-LSTM [116] 90.0% - -

MMAPM [117] 95.0% 86.0% 90.5%

Poselet key-framing [118] 93.3% - -

SCM [119] 93.3% 91.7% 92.5%

PA-DRL [120] 96.7% 91.7% 94.2%

Prediction-CGAN [121] 99.8% 94.6% 97.2%

LSTM-IRN [122] 98.3% 96.7% 97.5%

Ours 99.2% 98.5% 98.8%

further validate the model, we conduct the experiment
on multi-person dataset of UT-interaction. Fig. 12 depicts
the action recognition accuracy and Table 9 presents the
comparison with state-of-the-art methods. From the results,
we can conclude that: (1) Our method achieves superior
result over the existing spatial-temporal method by a large
margin for both UTI-1 and UTI-2 in Table 9; (2) Fig. 12
suggests that the proposed method performs better than
TSN.

5.4 Comparison with the state-of-the-art

To further evaluate the performance of the proposed method,
we compare it with both traditional and deep learning
methods. We train the standard TSN model on Kinetics with
RGB and optical flow. The performance comparisons on
UCF101 and HMDB51 are shown in Table 10. From the
result, we have the following explanations:

– Overall, there is a performance gap between deep
learning based methods and hand-crafted feature-based
model.

– The final result constantly indicates that adding VSA-
Net to the TSN-TwoStream model outperforms others
and exhibits an absolute improvement over TSN-
TwoStream by 2%, except for I3D and the result
achieves equivalent performance with R(2+1)D on
UCF101. In the former situation, ImageNet is used
in addition to Kinetics for pretraining, but we only
train the model using Kinetics. We believe that we can
boost the performance by training on larger training
dataset. For the latter situation, R(2+1)D takes the
model trained on 10 clips evenly spaced in the video
and select 8 frames for each video clip as input during
the training process, and we only choose 3 segments
for each video and 6 frames per segment. Training on
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Table 10 Comparison of action recognition accuracy with the state-of-the-arts on the UCF101 and HMDB51 dataset

method pretraining dataset UCF101 HMDB51

DT+MVSV [123] ImageNet 83.5% 55.9%

iDT+FV [110] ImageNet 85.9% 57.2%

iDT+HSV [124] ImageNet 87.9% 61.1%

MoFAP [125] ImageNet 88.3% 61.7%

Two-Stream [10] ImageNet 88.0% 59.4%

Action Transf [126] ImageNet 92.4% 62.0%

Conv Pooling [127] Sports1M 88.6% –

FST CN [128] ImageNet 88.1% 59.1%

Two-Stream Fusion [129] ImageNet 92.5% 65.4%

Asymmetric 3D-CNN [130] ImageNet 92.6% 65.4%

Spatiotemp. ResNet [131] ImageNet 93.4% 66.4%

STAN [132] ImageNet 93.6% -

TBN [133] ImageNet 93.6% 69.4%

TSN [9] ImageNet 94.2% 69.4%

Action Sketch [8] ImageNet 95.1% –

TEA [134] ImageNet 96.9% 73.3%

R(2+1)D-RGB [135] Kinetics 96.8% 74.5%

R(2+1)D-Flow [135] Kinetics 95.6% 76.4%

R(2+1)D-TwoStream [22] Kinetics 97.3% 78.7%

I3D-RGB [136] ImageNet+Kinetics 95.6% 74.8%

I3D-Flow [136] ImageNet+Kinetics 96.7% 77.1%

I3D [136] ImageNet+Kinetics 97.9% 80.2%

TSN [9] Kinetics 95.7% 76.2%

VSA-Net+TSN Kinetics 97.8% 80.0%

VSA-Net+R(2+1)D Kinetics 98.0% 80.5%

VSA-Net+I3D ImageNet+Kinetics 98.7% 81.0%

longer clips yields better clip-level models, as the filters
can learn long-term temporal patterns. We believe that
the performance can be further improved by the same
sampling strategy.

– We investigate whether the proposed sketch feature
representation also works well when combining with
other backbone. Given a video, R(2+1)D and I3D is
utilized as the backbone to extract rgb and optical flow
features, which are sequentially concatenated into the
sketch feature. From Table 10, we can find that the
performance of different combinations is improved on
the UCF101 and HMDB51 dataset, which consistently
indicates that VSA-Net exhibits better performance
of modeling shape information. Meanwhile, the new
modality can be fused with other models and boost the
recognition accuracy.

All of the above comparisons show that sketch-based
model can provide complementary information to RGB and
optical flow models. We believe that the effectiveness of our
method relies on three strategies: First, the attention-guided

sketch can focus on discriminative regions and eliminate
irrelevant information during video action recognition.
Second, thanks to our fully differentiable architecture,
we can fine-tune the model from a large benchmark to
predict actions, which brings a significant gain in accuracy.
And third, the proposed approach also benefits from
complementary image-based sketch and point-based sketch
representation, which leads to better classification accuracy
once aggregated.

To validate the above conclusion and demonstrate the
advantages of our model, we give additional examples of
action recognition. We visualize some difficult actions and
report the result in Fig. 13. From the figure, we can see
that our method achieves better performance than TSN for
these difficult actions. Moreover, our method behaves well
for the single person pattern and human interaction pattern
on the HMDB51 dataset. The main reason is that the learned
feature representations contain abundant shape information
and are complementary to RGB and optical flow, which
is not considered in TSN. In addition, the attention-guided
sketch can capture the fine-grained action for building the
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Fig. 13 The top-5 action
recognition results using TSN
and our method on HMDB51
dataset. The red bars stand for
the ground truth. The green bars
stand for different methods. The
golden bars stand for correct
predictions. The blue bars stand
for incorrect predictions. The
length of bars stands for
prediction confidences

Chew

TSN

Chew

Eat

Drink

Laugh

Run

Ours

Chew

Eat

Drink

Sit

Laugh

Clap

TSN

Handstand

Clap

Wave

Somersault

Throw

Ours

Clap

Handstand

Wave

Hit

Somersault

Draw Sword

TSN

Wave

Draw Sword

Clap

Sword_exercise

Pour

Ours

Draw Sword

Wave

Sword

Sword_exercise

Punch

sketch-level representation, which leads to high accuracy for
these difficult actions.

6 Conclusions

In this paper, we proposed to incorporate the use of
video sketch modality for sketch recognition jointly with
video action recognition. Our model first predicts the
sketch with discriminative areas from the raw RGB frames.
These distinctive sketches are then used for video action
using a two-stream network by combining the image-based
sketch and the point-based sketch. Finally, we fused three
different modalities: appearance, motion, and sketch for
final action recognition. In the experiments, we showed
that the proposed method achieves the state-of-the-art
performance on four public video action datasets.
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4. Pérez-Hernández F, Tabik S, Lamas AC, Olmos R, Fujita H,
Herrera F (2020) Object detection binary classifiers methodology
based on deep learning to identify small objects handled
similarly: Application in video surveillance. Knowledge Based
Systems, pp 105590

5. Yang X, Shyu M-L, Yu H-Q, Sun S-M, Yin N-S, Chen W
(2018) Integrating image and textual information in human–robot

interactions for children with autism spectrum disorder. IEEE
TMM

6. Kuanar SK, Ranga KB, Chowdhury AS (2015) Multi-view video
summarization using bipartite matching constrained optimum-
path forest clustering. IEEE TMM

7. Liu M, Liu H, Chen C (2017) Enhanced skeleton visualization
for view invariant human action recognition. PR

8. Zheng Y, Yao H, Sun X, Zhao S, Porikli F (2018) Dis-
tinctive action sketch for human action recognition. Signal
Processing

9. Wang L, Xiong Y, Wang Z, Qiao Y, Lin D, Tang X, Van Gool L
(2016) Temporal segment networks: Towards good practices for
deep action recognition. In: ECCV

10. Simonyan K, Zisserman A (2014) Two-stream convolutional
networks for action recognition in videos. In: NIPS

11. Tang Y, Yi T, Lu J, Li P, Zhou J (2018) Deep progressive
reinforcement learning for skeleton-based action recognition. In:
CVPR

12. Yan S, Xiong Y, Lin D (2018) Spatial temporal graph
convolutional networks for skeleton-based action recognition. In:
AAAI

13. Han Z, Xu Z, Zhu S-C (2015) Video primal sketch: A unified
middle-level representation for video. JMIV

14. Yilmaz A, Shah M (2015) Actions sketch: a novel action
representation. In: CVPR

15. Klaser A, Marszałek M, Schmid C (2008) A spatio-temporal
descriptor based on 3d-gradients. In: BMVC

16. Scovanner P, Ali S, Shah M (2007) A 3-dimensional sift
descriptor and its application to action recognition. In: ACM MM
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