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Abstract—Two-stream based architectures for video action
recognition exhibit great success recently. They encode the
appearance with RGB frame, and the motion with optical flow.
It is observed that optical flow depicts pixel-level motion field,
focusing much on detail information, is hard to tackle the large
displacement. In fact, human always focus the global motion
rather than pixel-level motion. Inspired by this, we propose a
novel 3-stream network structure with a spatial ConvNet, a pixel-
level temporal ConvNet and a block-level temporal ConvNet.
Integrating multi-granularity motion representation significantly
outperforms single pixel-level motion field based architectures.
Further, we can obtain the block-level motion vector field from
compressed videos without extra calculation. We address missing
and noisy motion patterns of motion vector field with intra-
encoded block rectifying and flow guided filtering, building a
hybrid motion field for our block-level temporal ConvNet. Our
approach obtains state-of-the-art accuracy on UCF101 (95.27%)
and HMDB 51 (69.21%).

Index Terms—video action recognition, multi-granularity, mo-
tion vector, hybrid motion field, 3-stream

I. INTRODUCTION

Video action recognition is one of the most important
but challenging compute vision topics and receives extensive
attentions [24], [28]. Recently, significant improvement is
obtained in video action recognition with the application of
convolutional neural networks [6], [10], [20], [23], [27], [31].
The state-of-the-art works are mainly based on two-stream ar-
chitectures [6], [20], [27]. They usually have a spatial ConvNet
fed by RGB frame, and a temporal ConvNet fed by optical
flow. Compared with early researches [4], [5], [12], [16], two-
stream based architectures obtain much better performances
[6], [20], [27], because they take full advantage of temporal
cues encoded by optical flow together with appearance cue.

Nevertheless, relying on optical flow for motion description
is not sufficient. On the one hand, optical flow is a pixel-level
motion field, it focuses on on pixel-level details. However,
human always recognize action according to global motion of
objects. On the other hand, optical flow is hard to tackle the
large displacement. Naive coarse-to-fine algorithm can relieve
this problem but is not sufficient, and the final local optimal
may not be near the original local optimal obtained in coarse
level. Thus, we attempt to exploit block-level motion field

for video action recognition, because it gives more global
motion intuitively and can capture large displacement with
large matching area.

Inspired by early research [30], we study the block-level
motion vector field for video action recognition. Motion vector
field is widely used in most video compression standard, and
can be obtained from compressed videos without extra calcula-
tion. Motion vector represents the movement of a local macro
block in the current frame to another matching macro block in
the reference frame. It can also describe local movement like
optical flow. However, the performance of motion vector field
based methods are impeded by three major obstacles. First,
the blocks self-encoded in frames have no movement, causing
some important movement information loss. Second, motion
vector field is noisy and has many inaccurate motion patterns.
Third, motion vector field is a coarse-grained motion field and
hard to capture fine motion or structure. We solve the former
two problems with intra-encoded block rectifying and flow
guided filtering respectively, building a hybrid motion field.

We propose a 3-stream architecture to solve the latest
problem mentioned above, because the pixel-level optical flow
and block-level motion field are complementary, and both are
important for action recognition. Our 3-stream architecture
has a spatial ConvNet, a pixel-level temporal ConvNet and
a block-level temporal ConvNet. Such a scheme can integrate
multi-granularity motion representation, capturing more com-
prehensive motion information.

To summarize, our contributions are mainly three-folds:
1.We propose intra-encoded block rectifying and flow

guided filtering to improve the performance of motion vector
field, and build a hybrid motion field.

2. To the best of our knowledge, this is the first attempt to
integrate different granularity of information to address video-
based action recognition via a 3-stream ConvNet.

3. Our proposed framework significantly outperforms state-
of-the-art methods on UCF101 and HMDB 51, achieving
95.27% and 69.21% respectively.

II. RELATED WORK

The previous research related to ours can be divided into two
categories: 1) convolutional network for action recognition, 2)
motion modeling with motion vector field.



Convolutional Network for Action Recognition. Tradi-
tional action recognition is based on encoding of hand-crafted
local descriptors like HOG [4], HOF [16], MBH [5] using
Fisher Vector, and then followed by an SVM classifier [24],
[25]. With the significant performance improvement of image
classification by deep learning [9], [13], [21], there are many
attempts to apply ConvNets on action recognition task [6],
[10], [12], [20], [23], [26], [27], [30], [38], [39] recently.
The deep learning methods for action recognition can be
divided into two families. One mainly focuses on extending
2D convolutions to 3D convolutions [10], [23], but it is hard
to obtain satisfying results, which may result from insufficient
training data. The other large family builds a two-stream
architecture with one stream exploiting appearance cues with
RGB frames and the other exploiting temporal cues with
optical flow, and obtain relatively high accuracy [6], [20],
[27], [38]. The optical flow based architectures focus on
pixel-level motion, but human pay more attention on global
motion actually. Inspired by this, we attempt to integrate multi-
granularity motion representation to encode motion more
comprehensively.

Motion Modeling with Motion Vector Field. Motion vec-
tor field can be extracted from the compressed videos directly
and it can depict local temporal movement like optical flow.
The two motion field share some similar characteristics. Early
researches attempt to reconstruct optical flow from motion
vector field [36], [37], but the results are not satisfying. In
fact, motion vector field contains some temporal information
and can be used for action recognition [30], [34], [35]. For
example, [30] replaces optical flow with motion vector field
to feed the temporal stream of two-stream ConvNets for real-
time video action recognition, but the accuracy drops a lot.
The motion vector field contains much missing or inaccurate
motion patterns, which may hamper the performance. We
address the problem with intra-encoded block rectifying and
flow guided filtering, and build a novel hybrid motion field.

III. HYBRID MOTION FIELD

In this section, we discuss the complementary of optical
flow and block-level motion field. And then we introduce
motion vector field, an inherent block-level motion field from
compressed video. Specially, it is observed that the missing
and noisy motion patterns of motion vector field can hamper
the performance, and we use intra-encoded block rectifying
and flow guided filtering to solve such a problem. The motion
vector field after intra-encoded block rectifying and flow
guided filtering is called hybrid motion field.

A. Motion Vector

Traditional two-stream frameworks mainly rely on optical
flow to describe the motion information. However, human
usually pay more attention on the global motion than only
pixel movement. For example, a woman is shooting arrows
with a bow in Figure 1 (a). We focus on the movement
of the whole bow, not just the pixels. To tackle this issue,
we attempt to explore block-level motion field for video

Fig. 1. Block-level motion field encodes more global movement. (a) We are
more interested in the whole bow movement than only pixel-level movement
in Archery. (b) The block-level motion field is hard to describe the movement
of spindly object. Thus, optical flow is indispensable.

action recognition, because it encodes more global movement
information.

Motion vector field is an inherent block-level motion field
from compressed videos. In fact, in video compression, we
divide the frame into some macro blocks and match each
macro block with similar one in the reference frame and then
save the movement of these macro blocks (motion vectors)
and their residuals. Early research [30] exploits to describe
motion information by motion vector field instead of optical
flow, but the performance is unsatisfying. We find that there
are mainly three reasons causing this problem.

First, the motion vector field is coarse, containing only
block-level motion information. Actually, most fine details are
missing in block-level motion field, not just motion vector
field, such as the movement and structure of HulaHoop. We
will address the problem in Section IV.

Second, some macro blocks have no motion vector. There
are typical three types of frames, namely I-frame (intra-coded),
B-frame (undirection-coded) and P-frame (bidirection-coded).
Some macro blocks can also be intra-coded in B-frames or P-
frames for compression efficiency. These intra-encoded blocks
have no motion vectors and may cause some important motion
missing. In Figure 2, some macro blocks of the woman’s arm
are intra-coded and we cannot infer the arm’s motion from
motion vector field.

Third, motion vector field is noisy. Motion vector field has
much more inaccurate motion patterns than optical flow for
the balance of compression rate and encoding speed. The are
much noise in the bottom left and bottom right of the motion



Fig. 2. The first, second and third columns are RGB frames, the corresponding optical flow and motion vector field extracted from the video respectively.
There are some intra-encoded blocks in the motion vector field, causing some important motion information missing. Intra-encoded block rectifying (IBMR)
is conducted to relieve this problem, as shown in the forth column. The motion vector field contains much noise in the bottom left and bottom right. To rule
out these noise, flow guided filtering (FGF) is taken. After IBMR and FGF, we can build the hybrid motion filed from original motion vector field.

Fig. 3. Our 3-stream architecture has a spatial ConvNet fed by a single RGB frame, a pixel-level temporal ConvNet fed by multi-frames’ optical flow stack
and a block-level temporal ConvNet fed by multi-frames’ hybrid motion field stack. The prediction from all streams are then fused by averaging, producing
the final prediction. IBMR (intra-encoded block rectifying) and FGF (flow guided filtering) are applied on the original motion vector field to build a hybrid
motion field for better performance.

vector field in Figure 2, which may mislead the networks.

B. Intra-encoded Block Rectifying

Motion vector describes the displacement between current
block and reference block. Some blocks may be intra-encoded
based on its own for some compression purposes. In fact, not
only I frame but also B frame and P frame have these intra-
encoded blocks. These intra-encoded blocks have no motion
vector, however, their movements may be important for action
recognition, such as the blocks of the woman’s arm indicating
that she is pulling the arrow out in Figure 2.

To address this problem, we recover the intra-encoded
blocks’ movements by replacing it with the corresponding
motion of the optical flow field. The motion vector field is

more complete after intra-encoded block rectifying, comparing
the third column and forth column of Figure 2.

C. Flow Guided Filtering

Motion vector field contains many noisy and inaccurate
patterns. As shown in Figure 2, the motion vector field
contains much noise in the bottom left and the bottom right
corners. These noise can hinder the ConvNet to distinguish
the bow’s structure, thus hampering the performance. Flow
guided filtering is taken to rule out these noise. Specially, if
the optical flow of all pixels in one block is almost zero, the
block is determined as noise.

Formally, given a point x in a frame, we donate the
corresponding optical flow by f (x), motion vector by mv(x)



and filtered motion vector by m̂v(x). The following formulas
are used in flow guided filtering:

m̂v(x) =

{
0 if Ψ(x) < δ

mv(x) , otherwise
(1)

Ψ(x) =
∑

x∈B(x)

‖f(x)‖, (2)

and B(x) is the macro block x belongs to, which can be
obtained from compressed videos directly.

With intra-encoded block rectifying and flow guided filter-
ing, we can build a hybrid motion field. As shown in Figure
2, the hybrid motion field is much more smooth, cleaner and
contains more information than original motion vector field,
compared with the third and fifth columns. In the following
section, we propose a 3-stream framework to exploit hybrid
motion field for video action recognition.

IV. 3-STREAM ARCHITECTURE FOR VIDEO ACTION
RECOGNITION

In this section, we introduce our 3-stream architecture, and
give some details for model training and inference.

Architecture. As shown in Figure 3, our proposed 3-stream
framework has a spatial ConvNet, a pixel-level temporal
ConvNet and a block-level temporal ConvNet. The spatial
ConvNet is fed by a single RGB frame. The pixel-level
temporal ConvNet is fed by a stack of L (L = 10) consecutive
frames’ optical flow. We use TV -L 1 algorithm [29] to extract
the optical flow. The block-level temporal ConvNet is fed by
a stack of L consecutive frames’ hybrid motion field. We
choose BN-Inception [9] for the balance between accuracy
and efficiency.

Training. The spatial ConvNet, pixel-level temporal Con-
vNet and block-level temporal ConvNet can be trained indi-
vidually. During training, a single RGB frame, L consecutive
frames’ optical flow or L consecutive frames’ hybrid motion
field is randomly selected from the video. The input is
fixed as 256 × 340. As the video action recognition datasets
are relatively small, data augmentation and pre-training are
adapted to prevent over-fitting. For data augmentation, we
first select the width and height of the cropped region from
{256, 224, 192, 168} randomly, and then crop a region from
the input according to the width and height. After that we
resize the region to 224× 224. A random horizontally flip is
also applied. For pre-training, our spatial ConvNet takes the
model trained on ImageNet [33] for parameter initialization
directly. For pixel-level temporal ConvNet, we also apply the
pre-training model except the first convolution. Every input
channel of the first convolution’s weights is the same, equal
to the average of original weights across RGB channels. For
block-level temporal ConvNet, we fine tune it by a pre-trained
pixel-level temporal ConvNet model.

Inference. For inference, we uniformly sample 25 RGB
frames, optical flow stacks or hybrid motion field stacks
from the video. And then 10 inputs (obtained by cropping

and flipping 4 corners and the center of the frames) are fed
to ConvNets. We take the average rather than the weighted
average in two-stream ConvNets [20] to fuse the 3-stream
ConvNets, because we have two temporal ConvNets. Finally,
We average the 250 predictions for the whole video class
scores.

V. EXPERIMENTS

In this section, we first introduce the evaluation datasets and
the implementation details. Then, we conduct experiments to
analyze our proposed framework. Finally, we compare with
state-of-the-art works.

A. Datasets and Implementation Details

To evaluate our framework, we conduct experiments
on two popular challenging datasets: UCF101 [22] and
HMDB51 [15]. The UCF101 dataset has 101 human action
classes and 13,320 video clips. The HMDB51 dataset has
51 human action classes and 6,766 video clips. Ablation
experiments are conducted on the first split of UCF101, while
for comparison with state of the art, we follow the standard
evaluation protocol and report the average accuracy over three
splits of the two datasets.

To learn the network parameters, we use the mini-batch
stochastic gradient descent algorithm with momentum setting
to 0.9. The batch size for all streams is 256. A pre-trained
model on ImageNet [5] is taken for initialization. For spatial
ConvNet, the base learning rate is 0.001, and decreases to
its 0.1 for every 4k iterations. The training ends after 10k
iterations. For pixel-level temporal ConvNet, the base learning
rate is 0.005, and the network is fine-tuned on an adjusted pre-
trained ImageNet model [33]. For block-level temporal Con-
vNet, the base learning rate is 0.002, and the network is fine-
tuned on the pixel-level ConvNet model as introduced in [30].
The learning rates of both pixel-level temporal ConvNet and
block-level temporal ConvNet decrease to their 0.1 at 12k and
22k iterations, and the training ends after 25k iterations.

The threshold for flow-guided filtering δ is set to 0.8. All
experiments are conducted on 4 Titan X GPU with a multi-
gpu-parallel version of Caffe [11], [27] for quick training.

B. Evaluation of hybrid motion vector

In this subsection, we focus on comparing and analyzing
the performance of different motion fields. Specifically, we
mainly compare four modalities: (1) optical flow by TV -L
1 [29]; (2) motion vector field; (3) motion vector field after
intra-encoded block rectifying; (4) hybrid motion field. The
results are shown in Table I.

Comparing MV and MV+IBMR, we observe intra-encoded
block rectifying can improve the performance of motion vector
field by 1.45% on UCF101. In fact, some important motion
information is lost because the intra-encoded blocks have
no motion vector. Intra-encoded block rectifying makes the
motion vector field complete.

Compared with MV+IBMR, Hybrid Motion Field improves
the performance by 1.44%, which indicates that the noisy and



inaccurate motion patterns in motion vector field mislead the
networks. With the help of flow guided filtering, much noise
is ruled out.

Comparing Hybrid Motion Field and Optical Flow, we can
observe that the single stream performance of Hybrid Motion
Field is inferior to that of Optical Flow. But combined with
spatial ConvNet, the performance of RGB+Hybrid Motion
Filed is higher than that of RGB+Optical Flow by 0.3%, as
shown in Table II. It may be caused by that hybrid motion
field combines the complementary pixel-level and block-level
motion information to some extent, more reliable than optical
flow, which indicates integrating multi-granularity can improve
the performance.

Modality Accuracy
MV 81.07%
MV+IBMR 82.52%
Hybrid Motion Field 83.96%
Optical Flow 86.66%

TABLE I
COMPARISON OF DIFFERENT MOTION FIELDS’ PERFORMANCE ON

UCF101 SPLIT1.

C. Evaluation of 3-stream architecture

In this subsection, we evaluate our proposed 3-stream
framework with a spatial ConvNet, a pixel-level temporal
ConvNet and a block-level temporal ConvNet. The results are
shown in Table II.

Comparing RGB+MV and RGB+Optical Flow in Table II,
we find that replacing optical flow with motion vector field
directly in 2-stream framework degrades the performance by
1.12%. With intra-encoded block rectifying and flow-guided
filtering, the performance of RGB+Hybrid Motion Vector
is comparative to RGB+Optical Flow, 92.77% and 92.47%
respectively. It indicates our intra-encoded block rectifying and
flow-guided filtering works.

Comparing classical 2-stream structure and our 3-stream
structure indicates pixel-level and block-level motion field
is complementary and integrating multi-granularity motion
representation can boost the performance by about 1.01%. 3-
stream framework works.

Modality Accuracy
RGB 84.33%
Optical Flow 86.66%
MV 81.07%
Hybrid Motion Vector 83.96%
RGB+Optical Flow 92.47%
RGB+MV 91.35%
RGB+Hybrid Motion Vector 92.77%
3-Stream 93.48%

TABLE II
PERFORMANCE OF OUR 3-STREAM ARCHITECTURE ON UCF101.

VI. COMPARISON WITH THE STATE OF THE ART

In this subsection, we compare our video action recognition
method with some state-of-the-art methods. The results on 3

splits are shown in Table III. As we can see in Table III, our
proposed 3-stream framework outperforms traditional hand-
crafted methods like improved trajectories (IDT) [24] and IDT
with higher dimensional encodings [19] by a large margin.
Comparing with recent state-of-the-art deep architectures like
2-stream [20], trajectory-pooled deep convolutional descriptors
(TDD) [26], 3D convolutional networks (C3D) [23], key vol-
ume mining framework [31], real-time action recognition with
enhanced motion vector (Enhanced MV+RGB) [30], temporal
segment networks (TSN) [27], our best result outperforms
other methods by 1.10% on UCF101. Specially, TSN also
apply 3 modalities but its performance is inferior to our
method. It demonstrates integrating multi-granularity motion
field can encode the motion better and boost the performance.

Methods UCF101 HMDB51
IDT [24] 85.90% 57.20%
IDT with higher-dimensional encodings [19] 87.90% 61.10%
Two stream [20] 88.0% 59.40%
TDD [26] 90.30% 63.30%
C3D [23] 82.30% –
Key Volume Mining Framework [31] 93.10% 63.30%
Enhanced MV+RGB 86.40% –
TSN(+3 modalities) [27] 94.20% 69.40%
Our 3-stream 94.02% 66.43%
Our 3-stream (+TSN) 95.30% 69.21%

TABLE III
COMPARISON OF OUR 3-STREAM CONVNETS WITH OTHER

STATE-OF-THE-ART METHODS ON 3 SPLITS OF UCF101 AND HMDB51.

VII. CONCLUSIONS

In this paper, we propose a novel 3-stream structure to
integrate multi-granularity motion field. Specifically, we ex-
ploit the block-level motion vector field for video action
recognition. However, motion vector field has missing and
noise motion patterns. To solve this problem, we propose
intra-encoded block rectifying and flow-guided filtering re-
spectively, which significantly boost the performance. We will
design a new method to fuse our 3-stream architecture, where
the fusion weights for each ConvNet are produced according
to the input video clips.
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