
©The 2023 International Conference on Artificial Life and Robotics (ICAROB2023), Feb. 9 to 12, on line, Oita, Japan 

Impact of PS Load on FPGA Object Detection System Performance 

Yusuke Watanabe 

CRAFT WORK Co., Ltd, 

5F OS Bldg., 3-5-15 Shibasaki-cho, Tachikawa, Tokyo, 190-0023, Japan 

Graduate School of Life Science and Systems Engineering, Kyushu Institute of Technology, 2-4 Hibikino, Wakamatsu-ku, 

Kitakyushu, Fukuoka, 808-0196, Japan 
 

Hakaru Tamukoh 

Graduate School of Life Science and Systems Engineering, Kyushu Institute of Technology, 

2-4 Hibikino, Wakamatsu-ku, Kitakyushu, Fukuoka, 808-0196, Japan 

E-mail: watanabe.yusuke898@mail.kyutech.jp, tamukoh@brain.kyutech.jp 

http://www.lsse.kyutech.ac.jp/english/ 

 

 

 

Abstract 

A field-programmable gate array (FPGA) device which has a Zynq architecture becomes popular these days. It is 

featured by integration of processing system (PS) and programmable logic (PL) into a single chip. While we tend to 

focus on the performance of PL, we can not ignore PS load completely. In this paper, using a Zynq FPGA board, we 

explore how our object detection system performance changes with PS load and report our experiment results. 

Keywords: FPGA, Zynq, PL, PS, Parallel Processing, System Performance. 

 

1. Introduction 

In robotics, demands for running neural networks such as 

object detection on a low energy consumption device are 

extremely high. We can soon find papers about 

relationship between neural networks and energy 

consumption [1], [2] rogrammable gate arrays (FPGAs) 

meet the requirement as they are well known for their low 

energy consumption [3], [4]. Thanks to the recent 

advancement of FPGAs, architectures such as Zynq 

which are featured by integration of the software 

programmability of a processing system (PS) and the 

hardware programmability of a programmable logic (PL) 

into a single device have become popular. 

 When we employ FPGA devices, though we tend to 

focus on the PL performance with regard to the system 

performance [5], [6], we can not ignore the PS 

performance completely. The larger a system becomes, 

the larger its PS load tends to be. Therefore, we research 

an impact of PS load on the system performance by 

measuring the execution time. Considering both the PS 

and the PL performance together, we intend to improve 

the whole system performance.  

2. Method 

We use our object detection system shown in Fig. 1 to 

research influence of the PS load on PL and system 

performances. Our object detection in PL is implemented 

based on Ref. 7 and Ref. 8 and performs convolution and 

max pooling operations which are widely used in a neural 

network. Our System works on an FPGA board having a 

Zynq architecture to which a USB camera and a monitor 

are directly connected. An image file and the USB 

camera image are used as input data to our system. We 

change the PS load in our system by switching these two 

input methods. After receiving input data, our system 
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then detects objects and pass an output image on which 

bounding boxes are drawn to the monitor. We measure 

execution time of both object detection in PL and 

inference in the application to evaluate our system 

performance. The inference time represents a period of 

time from getting input image data to displaying output 

image data. 

 We conduct several experiments, collect the execution 

time and compare the time to evaluate the impact of the 

PS load on our object detection system performances. 

3. Experiment 

We employ a Zynq UltraScale+ MPSoC ZCU102 

evaluation board, Logicool C270 HD WEBCAM and 

BenQ GW2480T as our experiment environment and 

conduct three experiments executing the following 

applications. 

(i) FPGA application using multiple threads. 

(ii) C++ and FPGA applications. 

(iii) FPGA application using only the main thread. 

 Our FPGA applications in all experiments are generated 

by AMD Xilinx tool and perform completely the same 

object detection in PL and the other operations in PS as 

shown in Fig. 1. While there is no difference in the PL 

operations, the PS operations vary in each application. As 

execution time, we measure CPU time by C library 

clock() function and measure wall time by C library 

clock_gettime() function. CPU time refers to the time 

CPU is busy in processing the program's instructions. 

Wall time refers to the elapsed time during measurement. 

OpenCV imshow() function is called to display an output 

image from our system. 

 Fig. 2 represents an overview of processing in the FPGA 

application executed in the first experiment. We  switch 

two input methods by changing arguments passed to the 

application. We call pthread_create() function in the 

POSIX thread libraries to display an output image in a 

sub thread. 

 Fig. 3 represents an overview of the second experiment 

application. We execute the C++ application which is 

generated by cmake and automatically executes the 

FPGA application. Shared memory is used to pass data 

between the C++ and the FPGA applications. Whatever 

the input methods are, input data to the FPGA application 

are passed through the shared memory and therefore we 

only employ the image file to measure the execution time. 

In the second experiment, we also measure the execution 

time of the FPGA application which is the time from right 

after the beginning of the FPGA application to right 

before the end of the FPGA application. 

 
Fig. 2: An overview of the first experiment application 

 
Fig. 3: An overview of the second experiment 

application 

 
Fig. 1: Our object detection system on a FPGA board 
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 Fig. 4 shows an overview of the third experiment 

application which is almost the same as the first 

experiment application. The only difference is that the 

function to display an output image is called in the main 

thread instead of called in a sub thread. 

 We execute each application in the three experiments for 

ten times and record its execution time. When we use the 

USB camera, we regard the time when any object is 

detected as the execution time. We prepare an image file 

so that any object is detected by the system and we use it 

in all experiments. 

4. Results 

Table 1, Table 2, Table 3, Table 4 and Table 5 show the 

results of our experiments. Min. is the minimum 

execution time and Max. is the maximum time. Ave. 

means the mean time of the ten measurement. The time 

is showed in the second. 

 

Table 1.  CPU time in the first experiment  

 
Image input 

Camera File 

CPU time 

(sec) 

Inference 

Min. 1.344 
5.978 

x10-1 

Ave. 1.348 
5.988 

x10-1 

Max. 1.350 
5.997 

x10-1 

 

PL 

Min. 

1.042 
x10-1 

1.016 

x10-1 

Ave. 

1.046 
x10-1 

1.028 

x10-1 

Max. 

1.080 
x10-1 

1.048 

x10-1 

 

 

 

 

 

 

 

 

Table 2.  Wall time in the first experiment  

 

Image input 
Camera File 

  

Inference 

Min. 1.215 

5.136 

x10-1 

Ave. 1.219 

5.145 

x10-1 

Max. 1.221 

5.161 

x10-1 

 

PL 

Min. 
5.231 
x10-2 

5.271 
x10-2 

Ave. 
5.232 

x10-2 

5.273 
x10-2 

Max. 
5.233 

x10-2 

5.281 
x10-2 

 
Table 1 is the CPU time of the first experiment. Table 2 

is the wall time of the first experiment. From Table 1 and 

Table 2, the PS load of the USB camera is higher than the 

image file and the execution time in PL is almost the 

same in both input methods. These results indicate that 

there is no impact of the PS load on the PL execution. 

Table 3.  CPU time in the second experiment 

 

Image input 
File 

CPU time 

(sec) 

 

Inference 

Min. 5.797 
Ave. 5.808 
Max. 5.817 

FPGA 

application 

Min. 4.071 

Ave. 4.073 

Max. 4.074 

 

PL 

Min. 

5.285 
x10-2 

Ave. 

5.294 
x10-2 

Max. 

5.301 
x10-2 

 Table 3 is the CPU time of the second experiment. We 

do not show the wall time because both the CPU and wall 

time are almost the same. From Table 3, the CPU time in 

PL is shorter than the first experiment application though 

the inference CPU time is longer, and the wall time in PL 

is almost the same. 

Table 4.  CPU time in the third experiment 

 Image input 
 Camera File 

CPU time 

(sec) 
Inference 

Min. 
1.258 
x10-1 

5.067 
x10-1 

Ave. 

1.279 
x10-1 

5.076 
x10-1 

Max. 
1.285 
x10-1 

5.082 
x10-1 

 
Fig. 4: An overview of the third experiment application 
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PL 

Min. 

5.218 
x10-2 

5.262 
x10-2 

Ave. 

5.227 
x10-2 

5.272 
x10-2 

Max. 

5.231 
x10-2 

5.281 
x10-2 

Table 5.  Wall time in the third experiment 

 

Image input 
Camera 

Wall time 

(sec) 

 

Inference 

Min. 1.209 
Ave. 1.213 
Max. 1.236 

 

PL 

Min. 
5.231 
x10-2 

Ave. 
5.232 
x10-2 

Max. 
5.232 
x10-2 

 

Table 4 is the CPU time of the third experiment. Table 5 

is the wall time of the third experiment. We do not show 

the wall time of the image file input because both the 

CPU and wall time are almost the same. From Table 4 

and Table 5, the CPU time of both inference and PL is 

shorter than the first experiment application and the wall 

time is almost the same. 

 From the results of all experiments, we paid attention to 

the relationship between the number of threads in PS and 

the execution time in PL and show it as Table 6. The 

execution time in Table 6 is the mean time of the image 

file input.  

Table 6.  Relationship between the number of 

threads and the execution time in PL  

 

The 

number 

of 

threads 

Mean 

CPU 

time in 

PL 
(sec) 

Mean 

wall 

time in 

PL 
(sec) 

E
x

p
er

im
en

t 

One 2 

1.028 

x10-1 

5.273 
x10-2 

Two 1 
5.294 
x10-2 

Three 1 
5.272 
x10-2 

5.232 
x10-2 

 

 

5. Conclusion 

There is no impact of the PS load on PL execution as for  

the wall time. Although the CPU time in PL increases 

when we increase the number of threads in PS, the wall 

time in PL does not change. We can conclude the system 

performance highly depends on the PS load from our 

experiments. To improve the system performance, we 

can consider the PS and PL separately because the PS 

load does not affect the wall time in PL. 

 As a future work, we need to further research whether 

the increase of the CPU time in PL affects the wall time 

in PL.  
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