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Abstract—Three-dimensional convolutional neural networks
(3D CNNs) have demonstrated their outstanding classification
accuracy for human action recognition (HAR). However, the
large number of computations and parameters in 3D CNNs
limits their deployability in real-life applications. To address this
challenge, this paper adopts an algorithm-hardware co-design
method by proposing an efficient 3D CNN building unit called
3D-1 bottleneck residual block (3D-1 BRB) at the algorithm level,
and a corresponding FPGA-based hardware architecture called
F-E3D at hardware level. Based on 3D-1 BRB, a novel 3D CNN
model called E3DNet is developed, which achieves nearly 37
times reduction in model size and 5% improvement in accuracy
compared to standard 3D CNNs on the UCF101 dataset. Together
with several hardware optimizations, including 3D fused BRB,
online blocking and kernel reuse, the proposed F-E3D is nearly
13 times faster than a previous FPGA design for 3D CNNs, with
performance and accuracy comparable to other state-of-the-art
3D CNN models on GPU platforms while requiring only 7% of
their energy consumption.

I. INTRODUCTION

Over the past few years, human action recognition (HAR)
for autonomous driving and intelligent video surveillance
has become a popular research topic in computer vision
and pattern recognition. Among various algorithms proposed
for HAR, three-dimensional convolutional neural networks
(3D CNNs) have demonstrated their outstanding classification
accuracy [1], [2]. The success of 3D CNNs lies in the
spatio-temporal 3D convolutional layers which incorporate the
third-dimension information into the analysis. However, the
algorithmic and space complexity of 3D convolution imposes
a large overhead on the speed of 3D CNNs, which limits their
deployment on real-life applications [3].

Different hardware devices such as FPGAs, ASICs and
GPUs have been utilized to accelerate 3D CNNs. Among these
hardware platforms, FPGAs are gaining popularity because of
their better flexibility than ASICs and higher energy efficiency
than GPUs [4]–[7]. However, it is challenging to design
high-performance accelerators for 3D CNNs on FPGAs as
the limited on-chip resources often cannot meet the heavy
computational and memory demand [8]. Model compression

is one kind of algorithm-level optimizations for improving
the performance. Various compression techniques such as
quantization and 3D Winograd algorithm have been proposed
to reduce the algorithmic complexity of 3D CNNs [9], [10].
However, the limited compression rate still does not lead
to significant speedup on FPGA platforms. To effectively
compress 3D CNN models and improve their performance on
FPGAs, we address this problem from another perspective:
designing efficient 3D building units to replace the standard
3D convolutional layers in 3D CNNs.

Several efficient 2D CNN building units have been proposed
to replace the standard 2D convolutional layers [11], [12].
Among these 2D CNN building units, the bottleneck residual
block has demonstrated the best performance in both com-
pression and accuracy [13]. Adopting an algorithm-hardware
co-design method, this paper explores generalizing the bottle-
neck residual block to 3D CNNs at the algorithm level, and
devising an associate FPGA-based architecture to accelerate
the proposed 3D CNN building units at the hardware level.

However, there are several design challenges:

• The bottleneck residual block is originally designed for
2D computer vision tasks such as image classification and
segmentation. To enable the capability of 3D data analy-
sis, the bottleneck residual block needs to be extended
to three dimensions. However, such 3D extension has
different possibilities, and their accuracy is unexplored.

• The computation of the bottleneck residual block involves
a large amount of intermediate data, which imposes a
heavy overhead on memory usage. The situation may
become worse when it is extended to three dimensions
since 3D CNNs need to process more data than 2D CNNs.

To address the above challenges, we systematically analyse
the different possibilities of 3D BRB, and propose the most
efficient building layer called 3D-1 bottleneck residual block
(3D-1 BRB) which has the capability of 3D data analysis.
Due to the use of 3D depth-wise and point-wise convolution
layers, 3D-1 BRB requires fewer number of computations



and parameters than thoes in the standard 3D convolutional
layer. Based on 3D-1 BRB, an ef�cient 3D CNN model called
E3DNetis developed, which achieves a high compression rate
compared with the state-of-the-art 3D CNN models while
maintaining the same level of accuracy. At the hardware
level, a novel FPGA-based architecture, F-E3D, is proposed to
accelerateE3DNet. Several innovative optimizations including
3D fused BRB, online blocking and kernel reuse are proposed
to address the design issues introduced by limited memory
and computational resources on FPGA platforms. The main
contributions of this work are the following:

� An ef�cient 3D building block called 3D-1 bottleneck
residual block (3D-1 BRB). Based on 3D-1 BRB, the
proposed 3D CNN model,E3DNet, requires far fewer
parameters than the state-of-the-art 3D CNN models
while achieving the same level of accuracy (Section III).

� A novel hardware architecture called F-E3D, which ac-
celerates different types of convolutional layers in 3D-
1 BRB. Together with several optimizations including
3D fused BRB, online blocking and kernel reuse, the
proposed FPGA-based accelerator can achieve real-time
performance with high accuracy for the HAR task. (Sec-
tion IV).

� Compared to the state-of-the-art 3D CNN models on
GPU platforms, the proposed FPGA-based accelerator
of E3DNet can achieve comparable performance and
accuracy for human action recognition with higher energy
ef�ciency (Section V).

II. BACKGROUND

This section introduces the basic operation of 3D convo-
lution. A brief description is then presented for depth-wise
convolution and 2D bottleneck residual block (2D BRB).
Table I summarizes the notation used in this paper.

TABLE I: Parameters used in 3D convolution and 2D BRB.

Parameter Description
H The height of input feature map
W The width of input feature map
K s The spatial kernel size
K t The temporal kernel size
N c The number of channels
N f The number of �lters
N l The length of frames

K dw The kernel size of depth-wise convolution
t The expansion factor

A. 3D Convolution

To incorporate the information from different frames, 3D
convolution computes features in both spatial and temporal
dimensions. Figure 1 presents the basic operation of 3D
convolution where the temporal kernel sizeK t is 3. At the
beginning, different 2D convolutional kernels are applied to
different consecutive frames, which generatesK t frames of

TABLE II: The input and output tensors within 2D BRB.

Input Shape Operation Output Shape
H � W � N c Expansion Convolution H � W � N c � t

H � W � N c � t Depth-wise ConvolutionH � W � N c � t
H � W � N c � t Projection Convolution H � W � N f

intermediate data. Then these intermediate results are accu-
mulated together to produce one �nal output frame. Since the
output frame contains the information from different input
frames, 3D CNNs have the capability of integrating three
dimensional information into the analysis.

Fig. 1: The operation of 3D convolution.

B. Depth-wise Convolution and Bottleneck Residual Block

Depth-wise convolution is an ef�cient 2D convolutional
layer in modern 2D CNNs. Figure 2 presents standard convolu-
tion versus depth-wise convolution. Compared to the standard
convolution, depth-wise convolution only applies one single
�lter on each input feature map to generate output feature maps
without channel accumulation, which signi�cantly decreases
the number of computations and parameters.

Fig. 2: The depth-wise and standard convolutions.

Based on the depth-wise convolution, the structure of 2D
BRB is presented in Figure 3, where the expansion convolu-
tion and projection convolution are the standard convolutions
with the kernel size being1 � 1 (point-wise convolution).
The batch normalization [14] (BN) layer is used after each
convolution layer in 2D BRB, while the recti�ed linear unit
with the threshold being 6 (ReLU6) is applied only after the
expansion convolution and the depth-wise convolution. The
shortcut addition is only active when the stride of depth-wise
convolution is 1, which is utilized for residual learning [15].
Table II summarizes the input and output tensors of each
convolution in 2D BRB. The 2D BRB has an expansion factor
t, which is used to increase the internal dimension for better
accuracy.



Fig. 3: The structure of 2D bottleneck residual block.

C. Related Work

The use of 3D convolution for extracting spatio-temporal
features from videos is �rst proposed by Ji et al. [16]. Based
on this work, C3D is then introduced by Tran et al. [17]
for human action recognition, which has been adopted as
a de facto standard for 3D CNNs. To demonstrate that 3D
convolution has a better performance than 2D convolution in
video understanding, Hara et al. [1] apply 3D convolution
to the ResNet101 [15] backbone, and propose the state-of-
the-art 3D CNN model called ResNeXt-101. However, the
algorithmic complexity of 3D convolution imposes a large
overhead on these networks, which limits their deployment
for real-life applications [3]. Although Qiu et al. [2] propose
a new network architecture called Pseudo-3D Residual Net
(P3D ResNet) to decrease the number of computations and
parameters, it does not achieve signi�cant improvement on
processing speed because of limited compression rate.

Various implementations have been proposed to acceler-
ate 3D CNNs for inference on FPGAs. Shen et al. [10]
developed an FPGA design to accelerateC3D based on a
uniform template, where the 3D Winograd algorithm is used
to decrease the arithmetic complexity of 3D convolution.
Despite the high performance with430:7 Gops on VC709, the
accuracy of the 16-bit �xed-point accelerator is unexplored,
and its applicability to real-life situations is unclear. A novel
customizable architecture based on block �oating-point (BFP)
arithmetic is proposed by Fan et al. [9], which signi�cantly
reduces resource utilization on FPGA devices. However, it
still cannot compete with GPU implementations in terms of
processing speed.

III. E3DNET

A. 3D CNNs Building Block

Inspired by the 2D bottleneck residual block (2D BRB), a
similar three-layer bottleneck structure can be developed as a
building block of 3D CNNs. We �rst extend the second layer,
2D depth-wise convolution, to three dimensions. Figure 4
presents the basic operation of 3D depth-wise convolution
whereNc=2 andK t =3. At the beginning, the input volume is
separated by the channel dimension, which generatesNc sets
of data with sizeK t � H � W . Then different 2D depth-wise

convolutions (2D-DW Convs) are applied toNc groups of data
separately, where each group generatesK t numbers of output
feature maps. The results within one group are accumulated
in a �nal output frame.

Fig. 4: 3D depth-wise convolution withNc=2 andK t =3.

For the �rst and third layers, we use the same spatial kernel
settings as those for 2D BRB. In temporal dimension, to enable
the capability of 3D data analysis, a temporal kernel with
K t size is applied to one of these two layers. Therefore we
propose two variants of building block for 3D CNNs, 3D-1
BRB and 3D-3 BRB, where the number indicates the position
of the 3D convolution. Figure 5 shows the structure of these
two variants. Note that the batch normalization (BN) layer is
used after all convolutional layers, while the recti�ed linear
unit (ReLU) is only activated after the �rst two layers.

Fig. 5: Two 3D bottleneck residual blocks, with different
position of the 3D (3x1x1) convolution.

To �nd the building block which is more ef�cient, we �rst
compare the computational cost of these two variants. Accord-
ing to the parameters in Table I, the number of multiply-add
(MAdd) operations required by these two variants is shown in
Table III.

TABLE III: The number of multiply-add (MAdd) operations
in two variants of 3D BRB.

Operations

M -Adds3D � 1 H � W � N c � t � (K t � N c + K t � K dw + N f )

M -Adds3D � 3 H � W � N c � t � (N c + K t � K dw + K t � N f )


