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Abstract: The convolutional neural network model is an important algorithm for deep learning, and YOLOv3-tiny based on 
this model has excellent object detection ability. However, the computational power required by the model is still large, and it is 
difficult to realize the application in the embedded field. This paper proposes a hardware acceleration method for YOLOv3-tiny 
and implements it on FPGA platform. Firstly, the fixed-point quantitative processing was carried out for the network, and an 
appropriate fixed-point strategy was designed with the data accuracy as the index. Secondly, the parallel computing design and 
pipeline optimization principle were carried out, and the FIFO structure was introduced to shorten the running time. Finally, the 
experiment was carried out on the Xilinx PYNQ-Z2 platform, and the data were compared with the previous related work. 
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1. Introduction 
With the rise and vigorous development of artificial 

intelligence today, deep learning algorithms have a wide 
range of applications in real life. Convolutional neural 
network (CNN) is an important algorithm in deep learning. Its 
model structure has a history of more than 20 years. It can 
learn the rule and feature information of samples from data 
sets and directly process image data, so it has good effects and 
is widely used in computer vision fields such as face 
recognition, target detection and image discrimination. 
However, with the rapid development of the field of artificial 
intelligence, the complexity of CNN application scenarios 
continues to increase, and the requirements for model 
accuracy are also gradually increasing[1]. Therefore, the 
model size and computational complexity of CNN are also 
increasing, which requires the computing power of computing 
hardware devices. In the face of large-scale convolution 
calculation, the traditional central Processing Unit (CPU) 
architecture has poor parallelism and is not suitable for 
dealing with large-scale matrix operations. The advanced 
Graphics Processing Unit (GPU) has good parallelism and is 
suitable for large-scale operations, which is widely used in the 
training and reasoning of CNN models, but it is expensive and 
has high power consumption. And the relatively fixed 
hardware structure is difficult to meet the embedded mobile 
terminal. Based on various limitations, Field Programmable 
Logic Gate Array (FPGA), a semi-custom solution with 
strong computing power, low power consumption, rich logic 
resources and good parallelism, is very suitable as a hardware 
platform to accelerate the CNN optimization calculation 
method [2,3]. 

At present, in the field of object detection, the YOLO 
algorithm [4,5] has good generalization ability. When low-
precision data is used to represent parameters such as network 
weights, the neural network can still have good performance 
and achieve a good balance between accuracy and speed, but 
it still requires large computing power. Based on the FPGA 
platform, this paper designs a hardware acceleration scheme 
for YOLOv3-tiny, which further optimizes the computational 
efficiency of CNN on FPGA. 

2. YOLOv3-tiny Network and 
Hardware Acceleration Principle 

2.1. YOLOv3-tiny Network Model Structure 

 
Figure 1. Network structure diagram of YOLOv3-tiny 

 
Yolov3-tiny is a simplified version of YOLOv3 network, 

which simplifies the number of network layers, reduces the 
amount of calculation, and obtains faster calculation speed. 
However, the model recognition accuracy is lower than that 
of YOLOv3, which is a lightweight neural network model. 
YOLOv3-tiny model is mainly composed of a backbone 
network and a detection network, as shown in Figure 1, where 
the backbone network is composed of 13 convolutional layers 
and 6 Max pooling layers, and its network structure is shown 
in Figure 1. The default size of the model feature input image 
is 416×416, and the feature of the detection target is extracted 
through the convolution layer, and the convolution kernel size 
is 3×3. A max-pooling layer is connected after each 
convolutional layer. In order to detect objects of different 
sizes, two resolution feature maps of 13×13 and 26×26 are 
finally extracted, the former is used to extract features of large 
objects, and the latter is used to detect small objects. The 
backbone network of YOLOv3-tiny is a typical cylindrical 
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CNN network structure, and the calculation of convolution 
and pooling is unified, which is convenient for hardware 
acceleration. Detection is the last layer of the network output, 
which can output features W×H× (4+1+C) ×B, where W 
represents the width of the network predicted border, H 
represents the height of the network predicted border. The 
output image is divided into W×H grids, and each grid has 
(4+1+C) ×B channels, where C is the category judgment 
information and B is the number of bounding boxes. 

2.2. Principle of Fixed-point Number 
Optimization 

YOLOv3-tiny's original weight parameter is represented 
by 32bit floating-point numbers [6], and the data is redundant 
in parameter accuracy. As a numerical expression with fixed 
decimal point position, the fixed-point number is composed 
of sign bits, integer bits and decimal places, which is more 
flexible and different from the fixed value of floating-point 
numbers, and converts 32bit floating-point numbers into 
fixed-point numbers with lower digits. It has advantages in 
storage and calculation, and the utilization efficiency of 
computing resources is higher[7]. At the same time, CNN has 
a strong tolerance for low precision weight values. When the 
weight value is low precision, it has little impact on the 
detection accuracy. Therefore, it is a better trade-off choice to 
choose the appropriate number of fixed points for 
optimization, and sacrifice a small model accuracy to greatly 
improve the calculation and storage efficiency. 

The total bit width of the fixed-point number is W, the bit 
width of the integer part is I, and the quantization factor is (W-
i-1). S_float(32), int(W), and I_float(32) are used to represent 
the original floating-point data, the fixed-point quantized data, 
and the fixed-point unquantized data, respectively. The 
relationship between the three is shown in Equation (1) : 

intሺWሻ ൌ S_floatሺ32ሻ ൈ 2୛ି୍ିଵ              (1) 

=I_floatሺ32ሻ ൌ intሺWሻ/2୛ି୍ିଵ             (2) 

When the total bit width and the integer part bit width are 
fixed, the above equation can be used for data quantization 
and inverse quantization, where the quantization factor (W-I-
1) represents the accuracy, and the larger the quantization 
factor, the higher the accuracy of the data. In order to measure 
the accuracy of the fixed-point data loss, the fixed-point 
sample data is usually inverse quantized and compared with 
the original sample data. The overall quantization accuracy 
loss can be expressed by the following Equation (2) 

loss ൌ
∑ ሺୗ_୤୪୭ୟ୲౤ሺଷଶሻି
ొ
౤సబ ୍_୤୪୭ୟ୲౤ሺଷଶሻሻమ

∑ ୗ_୤୪୭ୟ୲౤ሺଷଶሻమొ
౤సబ

ൈ 100%      (3) 

Where N denotes the total number of data to be quantized. 
When the loss of accuracy is within an acceptable range, the 
quantization work can be completed, and the fixed-point data 
can be used for calculation. 

2.3. Principles of Parallel Computing and 
Pipeline Optimization 

Parallel computing design is the key of hardware 
acceleration module design[8,9]. In order to improve the 
performance of the hardware acceleration module, in the 
acceleration of convolutional neural network, it is necessary 
to make the basic computing units calculate at the same time 
as possible, while taking into account the resource 
consumption of FPGA, the work efficiency of the hardware 
acceleration module and the data throughput, and finally 

obtain the result of the trade-off between data. The 
dimensions of parallel computing are diverse, including inter-
convolution kernel parallelism, inter-feature map parallelism, 
intra-feature map parallelism, and intra-convolution kernel 
parallelism. The size of the convolution kernel in the 
YOLOv3-tiny backbone network is 3×3, and 9 
multiplications and 8 addition operations are needed in the 
calculation process. If the serial execution is performed, it 
needs to loop 9 times. It greatly reduces the computing time, 
but only using unroll consumes a lot of hardware resources. 
Therefore, in order to get a balance between computing time 
and hardware resources, we also introduce pipeline 
optimization. 

Pipelined structure is widely used in hardware design. By 
optimizing the serial execution of the function through the 
pipeline, it can be parallel in different stages and improve the 
throughput, as shown in Figure 2. By comparison, it can be 
seen that for 3 tasks, the serial design takes 9 clock cycles, the 
parallel design takes 3 clock cycles, and the pipelined design 
takes 5 clock cycles. Compared to parallel computing, which 
requires three times the hardware resources, pipelining only 
requires extra memory units and registers. 

 

 
Figure 2. Serial, parallel and pipeline structure 

3. Hardware Acceleration Design for 
YOLOv3-tiny 

3.1. Fixed-point Quantization 
The original weight parameter of YOLOv3-tiny is 32-bit 

floating point number, so this paper tests the accuracy loss of 
weight under different bit width representation by fixed-point 
quantization and reverse quantization, as shown in Figure 3. 
It can be seen that from the use of 8-bit fixed-point number, 
with the decrease of bit width, the accuracy loss is gradually 
obvious. Considering the unity of the fixed-point and the 
ability of the fixed-point number to cover the data range of 
the intermediate layer, the decline of data accuracy caused by 
the 16-bit fixed-point number is small, so this paper uses the 
16-bit fixed-point number as the overall fixed-point number 
of the accelerator. 

 
Figure 3. Serial, parallel and pipeline structure 

3.2. Parallel Computing Design 
The convolution kernel in YOLOv3-tiny has two sizes of 

3×3 and 1×1, which will affect the calculation speed in 
parallel computing. Therefore, the parallel computing design 
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can be optimized for this pain point. The number of input and 
output channels is mostly multiple of 16 and the value is 
relatively large, and the output channel is larger than the input 
channel. In order to make full use of the hardware resources, 
the input parallel factor is selected as 8, and the output parallel 
factor is 16, which can obtain better computing speed, as little 
as possible occupy the hardware resources, and get a better 
balance between efficiency and resource utilization. 

 

Figure 4. Temporal comparison of pipelined structure and 
traditional design  

 
In the process of multi-channel parallel execution, the 

operation of write is more frequent than that of read. Because 
the number of output channels is often larger than that of input 
channels, the output port is prone to data blockage. Therefore, 
this paper uses AXI4-Stream protocol and introduces First-in 
First-out (FIFO) structure to optimize the pipeline structure. 
When the Loop Initial Interval(II) is 1, two clock cycles are 
needed to obtain the input data of the eight channels. When 
the new eight input channels arrive, the 16 output channels 
generated by the previous input are cleared, to avoid this, the 
input stream must pause for three additional cycles to 
complete a full input-output operation, so a total of five cycles 
are required. When added to the FIFO structure, the output 
data is sent one by one, so that the input and output data of 
the accelerator can be pipelined at the task level. Figure 4 

takes three tasks as examples to carry out the timing 
comparison between the pipelined structure adopted in this 
design and the traditional design. 

In Figure 4, the time Ttask to complete an operation at the 
task level includes the time Tin to read data from input register, 
the time Tout to calculate in PE and the time Tcmp to read 
calculation results in PE, so the total time to complete three 
tasks under the traditional structure is 

Tୱ୳୫ ൌ 3 ൈ ሺT୧୬ ൅ T୭୳୲ ൅ Tୡ୫୮ሻ               (4) 

After introducing the FIFO structure 
T୊୍୊୓_ୱ୳୫ ൌ T୧୬ ൅ 3minሺT୧୬, T୭୳୲, Tୡ୫୮ሻ ൅ T୭୳୲ ൏ Tୱ୳୫  (5) 

Greatly reduces the running time. 

4. Experiment and Comparison 

4.1. Experimental Design 
The design mainly uses Vivado HLS 2017.4 to design the 

IP of YOLOv3-tiny accelerator, and high level synthesis 
(HLS) can convert C /C ++ language into RTL language 
required by FPGA. Then the accelerator design of YOLOv3-
tiny was completed through the software development kit 
SDK of Xilinx company. The experimental verification 
platform is Xilinx PYNQ-Z2. The development board uses 
FPGA+ARM architecture, and the main chip is ZYNQ 
XC7Z020-1CLG400C chip, including 512MB DDR and 220 
DSP. 

4.2. Experimental Results and Analysis 
In this paper, the comprehensive performance of the system 

design is evaluated and compared with the previous related 
work with exactly the same design function, as shown in 
Table 1. Through comparison, it can be seen that the design 
has a good acceleration effect and a better performance to 
power consumption ratio. 

 
Table 1. Comprehensive comparison of system design performance 

Performance Reference [10] Reference [11] Reference [4] This paper 

Test platform 

Network model 

PL clock rate 

BRAM 

DSP 

LUT-FF 

Input image size 

Performance per Watt/ 
(GOPS/W) 

Power Dissipation/W 

VC707 

YOLOv2-tiny 

200 MHz 

1026 

168 

60k-86k 

416ൈ416 

25.41 

 

18.29 

Ultrascale+ 

YOLO-tiny 

- 

- 

- 

- 

416ൈ416 

12 

 

6 

GTX Tian X 

Sim-YOLOv2 

1GHz 

- 

- 

- 

416ൈ416 

8.89 

 

170 

XC7Z020 

YOLOv3-tiny 

100 MHz 

185 

160 

26k-46k 

416ൈ416 

9.35 

 

3.8 

5. Conclusion 
This paper studies the acceleration of deep learning 

algorithms based on FPGA. Taking YOLOv3-tiny as an 
example, after in-depth analysis of the related characteristics 
of CNN model, a FPGA-based YOLOv3-tiny hardware 
acceleration structure is proposed. In this paper, fixed-point 
quantization is used to reduce the amount of network 
calculation and data storage for YOLOv3-tiny network 
parameters. The data is quantized from 32-bit floating point 

to 16-bit fixed-point number, which reduces the amount of 
data storage and calculation, and the network detection 
accuracy is basically unchanged. FIFO structure is used to 
parallel the input and output channels, which improves the 
network acceleration performance and reduces the 
consumption of hardware resources. Through the verification 
results on the X ilinx platform, it can be concluded that the 
hardware acceleration structure for YOLOv3-tiny 
convolutional neural network designed based on FPGA in this 
paper has a good balance between reducing power 
consumption and reducing hardware resource consumption. 
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The comprehensive performance is better than that of the 
current research schemes, and the computing resources and 
storage resources are relatively small, which is of great 
significance to realize YOLO acceleration in the case of 
limited resources of mobile terminals. 
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