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Abstract: Support Vector Machines (SVM) is one of the most 
commonly used the state-of-the-art supervised machine learning 
algorithm for various classification problems. It provides high 
accuracy rate compared to other classification algorithms. 
However, When SVM is modelled only using Software, it is a time 
consuming algorithm due to its high computational complexity. 
This makes the algorithm to be not suitable for embedded real 
time applications. We propose a new hardware software co-design 
approach to achieve the real time performance by accelerating the 
computationally intensive classifier part of the algorithm as a 
custom hardware Intellectual Property (IP) core. In this paper, a 
novel Support Vector Machine (SVM) linear classifier is modelled 
as a custom hardware Intellectual Property (IP) core using High 
Level Synthesis (HLS). The developed IP core is optimized for 
latency and hardware resource utilization by applying various 
directives of HLS tool. The synthesis results of the IP core for Skin 
segmentation dataset is reported. The proposed hardware 
software co-design approach is implemented in real time on 
Zynq-7000 XC7Z020 System on Chip (SoC) field programmable 
gate arrays (FPGA). A detailed comparative results of proposed 
hardware software co-design approach and the complete software 
approach is reported in this work for Iris and Breast cancer 
dataset. A promising result of 18x speedup is achieved using SVM 
classifier hardware IP compared to is software counterpart. 

 
Keywords: SVM, Hardware-software co-simulation, HLS, IP, 

SoC, FPGA. 

I. INTRODUCTION 

Support Vector machine is used for classification 

applications such as image classification, object detection, 
speech recognition, medical diagnosis and others [1, 2, and 3] 
with good accuracy. The SVM implements the two phases of 
Machine Learning: Learning the data and classifying the 
test-data based on the learning data. During the training phase 
of the SVM classifier, it develops a model, which is used to 
classify future dataset by making use of the Support Vectors, 
which were calculated during the training phase.  
 
Revised Manuscript Received on October 30, 2019. 
* Correspondence Author 

Vidhyapathi CM*, SENSE Dept., Vellore Institute of Technology, 
Vellore, India. Email: vidhyapathi.cm@vit.ac.in 

Maheshwar Reddy, SENSE Dept., Vellore Institute of Technology, 
Vellore, India. Email:maheswar.mannur@gmail.com  

Nikhil Reddy, SENSE Dept., Vellore Institute of Technology, Vellore, 
India. Email: snthota1997@gmail.com 

Alex Noel Joseph Raj, Department of Electronics Engineering, Shantou 
University, China. Email: jalexnoel@stu.edu.cn 

Kathirvelan J, SENSE Dept., Vellore Institute of Technology, Vellore, 
India. Email: j.kathirvelan@vit.ac.in 
 
© The Authors. Published by Blue Eyes Intelligence Engineering and 
Sciences Publication (BEIESP). This is an open access article under the 
CC-BY-NC-ND license http://creativecommons.org/licenses/by-nc-nd/4.0/ 
 

The Support Vectors are then used to predict the class of the 
given test data instances. The SVM classifier as compared to 
other classifiers has shown better accuracy rates for many 
applications [4-7].However, the computation complexity of 
the SVM is directly proportional to the number of SVs and the 
size of the data sets. Computation complexity becomes the 
major bottleneck considering the real time embedded system 
based applications such as object classification, face 
recognition, automotive and embedded vision. On an 
embedded system platform which imposes tight constraints 
such as limited resources and area and power consumption, 
software modelling of SVM classification becomes difficult 
with more number of SVs. Also, modelling a time-consuming 
algorithms such as SVM for large-scale problems only on 
software will increase time complexity when datasets are 
large. Hence there is a need to analyze the computationally 
intensive part of the SVM and letting it to run on a dedicated 
hardware will speed up the algorithm at the cost of increased 
hardware. This idea motivated the researchers to accelerate 
the SVM algorithm using graphics processing units (GPUs) 
[3] and FPGAs [8]-[10].However GPUs suffers with more 
power consumption [11] and is not a preferable choice for 
embedded applications. Presently, FPGAs based 
heterogeneous computing platforms such as Zynq-7020 and 
customized hardware accelerators are the preferred choices 
[12] that consume less power and can be developed as a small 
system. Also, FPGAs provide high level of parallelism in 
processing which cuts down the computing time of a time 
complex algorithm. FPGAs in many applications have shown 
performance gain over general-purpose processors [13-17]. 

In this paper we have proposed a novel 
hardware-software co-design approach in which the 
computationally intensive vector dot product multiplication 
part of SVM on a custom hardware and rest of them on the 
software. The proposed hardware software co-design is 
implemented in real time using the Zynq-7020 SoC FPGAs. 

II. RELATED WORK 

All Research works until date have aimed at 
completely developing the classifier using HDL on FPGA. 
Pipelining technique [17, 18, and 19] was used in previous 
designs which exploit the parallel processing of the FPGA 
which led to increase the throughput of the classification 
process. Complete Software based modelling of SVM in 
many embedded applications such as pedestrian [20], [21], 
vehicle view detection [22] and face detection [23], [24] has 
shown good accuracy rates at the cost of limited performance.  
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Hence many researchers was motivated in accelerating the 
SVM algorithm through general-purpose processors, digital 
signal processors (DSPs) to achieve better performance on 
these hardware platforms. 

 In the work [25], the critical part of the algorithms 
were modelled using hardware and the rest in software. In 
work [26], an attempt was made to accelerate the SVM using 
a low power low cost 8 bit PIC microcontroller considering 
the limited memory and hardware resources. Graphics 
processing units (GPUs) was used in the work [27] due to the 
parallel nature of execution to improve the performance of 
SVM. However, the fixed hardware structure, need of 
efficient programming and high power consumptions of 
GPUs are the major drawbacks while using them for 
embedded systems.   

Considerable work has been carried out by 
researchers in recent years, in accelerating the training and 
classification of SVM using custom reconfigurable 
computing hardware mostly on FPGAs. An analog-digital 
mixed SVM processor was proposed in the work [28].  In 
[29], a modified SVM training algorithm and the 
corresponding architecture was proposed. Small scale 
implementation of SVM with reduced number of SVs were 
proposed in [30], [31] and [32].Also these developed 
algorithms were strictly application specific and that were 
cannot be extended for other problems. In [33] and [34], the 
hardware acceleration of vector operations of SVM was 
analysed and better performance was reported. Furthermore, 
these work shown the importance of hardware accelerations 
using arithmetic and logic units (ALUs), multipliers and 
vector processing elements to achieve real time performance. 
All the related work was carried out keeping a specific 
application in focus. The proposed hardware for acceleration 
of SVM was not generic and was strictly application specific. 
In our work, we would like to propose a generic hardware 
software co-design approach. At the same time to provide 
flexibility in optimising the proposed custom hardware part of 
the SVM based on the specific application dataset.  

To the best of our knowledge and survey, we believe 
that there exists no technique that makes use of 
hardware-software co-simulation technique exploiting the 
architecture of Zynq-7020.In addition, previous works were 
implemented in hardware definition language (HDL) alone, 
which was coded in Verilog or VHDL. This increases the 
design time for an application. We have made use of Xilinx 
tools such as Vivado HLS, which synthesizes C or C++ code 
to Verilog code and drastically reduces the design time for the 
application. 

III. OVERVIEW OF THE PROPOSED 

METHODOLOGY 

A. SVM Background 

Support Vector Machine (SVM) was first introduced by 
Cortes and Vapnik in 1995 [35], [36], and is based on the 
concept of a decision boundary that separates two different 
classes of data in order to discriminate classes with high 
accuracy. SVM is a supervised ML (Machine Learning) 
classifier tool. They provide good performance for regression 
and classification tasks. A separating hyperplane is 
constructed in the training phase by using an input training 
data set containing data samples. The hyperplane that best 

separates the samples belonging to the two classes is called a 
maximum-margin hyperplane that forms the decision 
boundary. The class samples that are on the boundary are 
called Support Vectors (SVs) as depicted in Fig.1. These SVs 
obtained from training phase are then used in the 
classification phase to classify new data.  

 
Fig. 1. Support Vector classes and hyperplane 

 
A training dataset is initially used to model the decision 
function. This training dataset consists of input data vectors 
and its corresponding output class. The training process 
produces SVs which represent the entire dataset and can be 
used to classify any new data. The training or learning part is 
mostly an offline task while the classification is mostly online 
i.e. performed on real-time data. This classification phase is a 
computationally expensive task. Classification is linearly 
dependent on the test data size, its features and the number of 
Support Vectors. In such cases, there arises a need for 
acceleration of the classification process. 

B. Hardware acceleration of SVM classifier using 
Zynq-7020 FPGA 

Our aim is to make the time consuming part of the 
algorithm to run on the FPGA whereas the rest of the 
algorithm will be run on the Processing System of the Zynq 
SoC. To achieve this we make use of the Xilinx Vivado HLS 
tool, Vivado Design Suite and Xilinx SDK, Using the Vivado 
HLS we generate the Verilog or VHDL code by Synthesizing 
the C code or C++ code. To investigate the time consuming 
part the complete SVM is modelled in C code by giving the 
inputs as the model file. The predicted files are generated as 
the output file. Software profiling was done to understand the 
time consuming part of the SVM. Further we measured the 
time taken by the function which does the vector 
multiplication of the input data vectors which is time 
consuming part of the SVM algorithm, we measured the time 
to compare it later with the time taken on hardware alone.  

The software modelled SVM has been verified by 
modifying the existing SVM-light library. We successfully 
classified different datasets such as Iris and breast cancel data 
sets and got high accuracy rates. To simplify the classification 
process and reduce the load of the computationally expensive 
process, we proposed a scalable, efficient hardware-software 
co-design approach, which loads the SVs, test data and the 
weights into an FPGA fabric to exploit its parallelization 
abilities. The burden on the CPU and the CPU processing 
time got reduced due to the parallel computation on the FPGA 
compared to the sequential execution of a traditional CPU. 
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Although SVM can be implemented in a variety of kernel 
tricks for linearly non-separable data, the basic core of an 
SVM classification phase is the vector multiplication of the 
decision function. Therefore, we chose to implement the 
linear kernel of SVM to achieve hardware acceleration. 
 We focus specifically on the acceleration of the 
classification phase by implementing the decision function, it 
makes use of factors found out during training phase namely 
alpha, bias and feature values , the number  of support Vectors 
defined also determines the decision function which is used 
for classifying a given test data. The Eq. (1) is given by 
                          (1) 

The above equation is implemented on FPGA  by making use 
of the High level synthesis method which creates the IP for the 
top level function that implements the above equation. The 
decision function is divided into three equations. 
        (2) 
The above Eq. (2) multiplies the alpha value for each support 
vector with the respective number of features of each support 
vector and stores them in variable AC as shown above. 
                                            (3) 
By making use of AC found in Eq. (2), the variable D is the 
distance which is found by multiplying the AC value of each 
feature with the test data feature values as given in Eq. (3). 

  (4) 

The calculated distance value is then subtracted from the bias 
value which was defined earlier during the training phase and 
the difference is used by the decision function to classify the 
test data to its respective class as given in Eq. (4). 
The method we implement involves both software and 
hardware co-design, we are making use of the hybrid Zynq 
Architecture. The Zynq System [37] on Chip (SoC) consists 
of processing system (PS) with ARM cortex processor and a 
programmable logic (PL) on the hardware which is the FPGA.  
 

C. Training SVM models on datasets 

Before creating the SVM models on the Windows 
application, the required datasets need to be obtained. The 
datasets used in Machine Learning are mostly available either 
through Python libraries or in CSV formats. The above 
formats are difficult to be parsed in C due to the lacking of 
resources. Therefore, a Python script is written to download 
the datasets using import the file as CSV. The dataset is then 
normalized if required. The dataset is then separated into 
training and testing data. The training and testing data is 
written into files in the format they can be read by the 
SVM-light code. An example of how the SVM-light format of 
the dataset looks like is show in Fig. 2. 

 
Fig. 2. SVM-light dataset format 
The first column represents the class of the instance. Since the 
classification type is binary, the classes are represented as 1 
and -1. The subsequent columns represent the value of the 
feature with its label. For example, in the first line, the first 

column, 1 means that it belongs to the first class. In this case 
of Skin Segmentation dataset, it means that the instance 
represents skin. The second column 1:0.51 means the first 
feature i.e. the colour Blue has a value of 0.51. The third 
column represents Green and the last column colour Blue. 
The models are trained using the Windows SVM-light 
application for later classification on hardware. 
Cross-validation technique is used during the training phase 
to achieve a higher accuracy. Due to the limited runtime 
memory, the datasets were reduced in dimension by using 
scaling and normalization techniques. 
The SVM-light was initially compiled and tested using the 
GCC compiler. It was later modified using the Visual Studio. 
Fig. 3. Shows the training process for the Fischer’s Iris dataset 

using GCC compiler. 

 
Fig. 3. Training Process for Iris Dataset using GCC 

compiler 
After training, a model file is created which contains the 
information regarding the training dataset like the size of the 
data used for training. It also contains information like the 
number of Support Vectors and their values, number of 
features, the bias value and the type of kernel used for 
training. The first few lines of the model file are shown in Fig. 
4. 

 
Fig. 4. Model File 

D. Vivado HLS and SVM classifier Custom Hardware 
Intellectual Property (IP) core 

Vivado High Level Synthesis (HLS) [38] uses C level 
source code to create an RTL implementation. The HLS tool 
extracts the control and dataflow from the source code. The 
design is implemented based on user-defined directives. This 
methodology allows for smaller, faster and more optimal 
design. High Level Synthesis is done mainly through 
scheduling and binding. Scheduling is mapping the sequential 
operations in the C code onto clock cycles. Binding is the 
mapping of the operations to the hardware cores. Fig.5. gives 
an outline of the steps involved in C code to RTL IP 
integration. 
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Fig. 5 HLS Design Flow for Algorithmic C to RTL IP 

integration [38] 
The designer have complete control over the optimizations to 
be applied through directives like pipelining, unrolling loops, 
array partitioning, interfaces, etc. Vivado HLS supports 
higher level languages like C, C++ and SystemC provided 
that it is statically defined at compile time. If it cannot be 
defined until runtime, the code cannot be synthesized. In 
addition, there is support for the use of float and double in the 
code. 

The HLS based custom created hardware IP block is 
shown in Fig. 6. The top level function contains the time 
consuming vector multiplication code of the SVM algorithm. 
The simulation and synthesis of the generated IP core is 
performed using the input and model data as test bench files. 
For achieving parallel processing, different directives are 
carefully examined and applied to achieve better performance 
with reduced hardware resources. Pipelining and unrolling are 
the specific directive from HLS which was used to optimise 
the “for loop” of the top-level function. After the successful C 
simulation and Synthesis, we generate RTL co-simulation and 
export the RTL into our custom IP block which creates a 
solution containing the equivalent Verilog code of the top 
level function. 

 
Fig. 6. Custom Hardware SVM classifier IP core 
The C-based SVM classifier called SVM-light was used 

to implement it as an IP on Zynq-7020. Its implementation in 
C allowed us to use HLS methodology to speed up the IP 

creation process. The training part of the classification was 
done on Windows application using the basic parameters and 
the linear kernel. This model, which contains the support 
vectors and the information regarding the kernel and is later 
used by the IP to classify the test data. 

E. Block design in Xilinx Vivado Design Suite 

The Xilinx Vivado 2018.2 Design Suite was used to design 
and implement our hardware design on the Zed board i.e. 
Zynq-7020 Evaluation Board. The exported RTL design from 
Vivado HLS is added as 
a repository in Vivado. Upon doing so, Vivado discovers the 
IP core. This IP core is added to the block design along with 
all the other blocks. The first one is the Zynq7 Processing 
System. Then the IP core, DMA and AXI Timer are added. 
All the necessary connections among PS, IP core, DMA, 
Timer and AXI interconnects are made. The S2MM and 
MM2S of the DMA and the out_stream and in_stream of the 
IP are interconnected to ensure the streaming of input and 
output data to and from between the IP core and PS. 
The IP core in the Zynq-7020 PL is connected to the PS ARM 
through an ACP (Accelerator Coherency Port). This is 
preferable over the HP (High Performance) port as it reduces 
the burden of caching. This is because the ACP is a 64-bit 
slave interface on the SCU (Scoop Control Unit).This ensures 
cache coherent transmissions between the PL and PS, 
providing a direct low-latency path. All the transmissions at 
the ACP happen through the DMA core. Finally, the clock 
frequencies are set. Connection automation is run to connect 
the unconnected clocks and resets. Then the block is 
evaluated to make sure all the necessary ports are connected. 
The block design connecting the Classify IP core to the PS 
and Timer can be seen in Fig. 7. The in_stream and 
out_stream between the IP core and the Zynq PS move 
through the AXI DMA. The IP core receives the in_stream as 
MM2S from DMA. The IP core sends the out_stream to the 
DMA as S2MM. 
To measure the time taken to run the classifier IP in the PL, an 
AXI timer IP core was used while XTimer module was 
exploited to measure the clock cycles taken to run the same 
application on the PS part of the Zynq SoC. It was made sure 
that the models chosen for evaluation on Xilinx SDK tool 
were not so large. Although the application could be run for 
the large datasets on the PL part, the DDR3 memory’s 

limitation meant that it could not be run on the ARM 
processor. Therefore, smaller datasets were chosen to 
evaluate the time measurements. 
 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-8 Issue-12, October 2019 

2284 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number L25621081219/2019©BEIESP 
DOI: 10.35940/ijitee.L2562.1081219 
Journal Website: www.ijitee.org 

Fig.7. Hardware (Custom SVM classifier IP) and Software (ARM Processing System) co-block design 

The final step is to generate the bit-stream from block design 
and use that in Xilinx SDK to dump the bit-stream onto the 
Zynq FPGA and verify the algorithm. 

IV. RESULTS AND DISCUSSIONS 

The SVM algorithm was first run on the modified version of 
the SVM-light C library using the GCC compiler from the 
windows command prompt for different datasets such as Iris 
dataset, handwritten digits, skin segmentation, breast Cancer 
and adult income datasets. Fig.8. shows the testing process for 
the Fischer’s Iris dataset using GCC compiler. The accuracy 

of classification on the testing dataset is displayed.  

 
Fig.8. Testing Process for Iris Dataset using GCC 

compiler 
After the testing process, the code creates a predictions file, 
which contains all the values before applying the sign function 
of the decision function. These values are used for assigning 
the class which the test instance belongs to. The prediction 
file for Iris dataset is shown in Fig. 9. The first five instances 
belong to the first class and the rest of them belong to the 
second class. 

 
Fig. 9. Predictions File 

The Table I depicts the classification accuracy achieved for 
each datasets. 

A. Hardware resource utilization 

 
The next phase was for implementation of the C algorithm in 
Vivado HLS, for designing the top level function and the test 

bench file and the data files. This generates the synthesis 
report and the equivalent Verilog code for the top-level 
function defined by the user. By making use of directives such 
as loop unrolling and pipelining we were able speedup the 
custom SVM classifier IP by reducing the latency through 
parallelism. Table II depicts the use of directives and the 
respective latency obtained for skin data set. 
The first column of Table II represents the HLS directive 
applied on the IP. The remaining columns are the synthesis 
results generated by Vivado HLS. The first row of the table is 
after applying the basic interface directives (AXI4-Stream 
and AXI4-Lite). The subsequent rows are for all the other 
directives except the interfaces. After applying various 
directives to the design after interfaces, it can be seen that 
there has been a significant improvement in the latency and 
throughput. However, the improvement in latency and 
throughput has also resulted in utilization of additional 
hardware resources. The latency is seen to be significantly 
improved from 1,200,803 to 122,562 clock cycles, which is 
more than 9 times decrease. However, more number of 
resources were allocated which is an apparent trade off when 
improvement the latency. The large number of resources on 
the Zynq7 SoC is a reason why it is being used in this work to 
improve latency while being able to allocate the additional 
resources. However, we cannot simply go using a very large 
number of resources the reason being that the power 
consumption has to be kept at an optimum value. Therefore, a 
compromise has to be made among Latency, Hardware 
Resource Utilization and Power Consumption. 
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Table I. Classification Accuracy of different datasets 
 

Dataset 
Used 

Number of 
features 

Training 
data size 

Testing 
Data Size 

Number of Support Vectors Classification Accuracy (%) 

Iris 4 90 10 30 100 
MNIST 
(Digits) 

154 69,000 1,000 19,530 89.4 

Skin 3 22,051 24,506 5,211 92.68 
Breast 
Cancer 

30 512 57 137 89.47 

Adult 
Income 

Prediction 

123 30,956 1,605 11,066 82.74 

 
Table II. Synthesis report for Skin Segmentation dataset 

 
Directives 

applied 
Latency( 1 

cycle = 10 ns) 
Throughput BRA

M 
DSP BLOCKS Flip Flop LUT 

Basic 
Interfaces 

(AXI 
stream and 

Lite) 

1,200,803 1,200,804 256 5 1,030 1,647 

Array 
Partitioning 

(Cyclic 
factor 3) 

784,197 784,198 192 11 1,373 2,174 

Partial 
Pipelining 
of Outer 
Loops 

147,067 147,068 192 10 1,713 2,314 

Unrolling 
Inner Loops 

and 
Pipelining 

Outer 
Loops 

122,562 122,563 192 10 1,701 2,348 

 
Table III: Hardware resource utilization (Zynq-7010) of SVM model on different data sets 

Hardware Component 
Skin Segmentation data 

set 
Iris data set Breast Cancer dataset 

FF 
1,701 
(1%) 

893 
(2%) 

20,572 
(19%) 

BRAM 
192 

(68%) 
0 

(0%) 
32 

(11%) 

LUT 
2,348 
(4%) 

2,802 
(5%) 

16,756 
(31%) 

DSP48 
10 

(4%) 
12 

(5%) 
12 

(5%) 
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Hardware resource utilization of SVM model on Skin 
Segment dataset, Iris dataset and Breast Cancer dataset is 
reported in Table III. The hardware resource is mentioned in 
the first column and the subsequent columns show the number 
of the on-chip components being used and the percentage of 
the available resources. All these models are the results after 
applying the best optimization directives to achieve 
improvements in latency and resource utilization. As seen 
from the Tables 3, it is evident that the percentage of BRAMs 
used is high in the Skin Segmentation and Iris data set model. 
This is because arrays are implemented as BRAMs and since 
the support vectors and the test data instances are stored and 
passed as arrays, they require a high number of BRAMs for 
their storage. Here the latency is for the total number of clock 
cycles that were used to complete the process. There is an 
improvement in the latency when loop unrolling and 
pipelining are applied as directives. However, the hardware 
resources as we can see are more utilized when applying loop 
unrolling as it allocates more DSPs for the multiplications. 

B. Processing Speed and Time 

 
After Synthesis in Vivado HLS, using the Vivado Design 
suite the proposed hardware software co-design is validated 
and the final bit-stream is loaded into FGPA. Using Xilinx 
SDK, we developed an application to measure the processing 
speed and the time taken by the algorithm for each of the 
different datasets when run on software and compared those 
with hardware results. To measure the time taken to run the 
classifier IP in the PL, an AXI timer IP core was used while 
XTimer module was exploited to measure the clock cycles 
taken to run the same application on the PS part of the Zynq 
SoC. Initially a default clock frequency of 250 MHz was 
applied to both the PS and PL of the Zedboard. The following 
table depicts the clock cycles and the processing time taken by 
respective datasets. The results for this clock frequency 
configuration are provided in Table IV.  
 
 
 

Table IV. Clock cycles and Processing Time comparison 
 

Model FPGA( 1 cycle= 10ns) ARM( 1 cycle= 10ns) Speedup Factor 
Model 1 191 Cycles 

0.76 µs 
3455 Cycles 
13.82 µs 

18.09 

Model 2 6759 Cycles 
27.04 µs 

131,057 Cycles 
524.23 µs 

19.39 

 
Table V. Maximum frequency comparison 

 
Data Model FPGA ARM Speedup factor 

Model 1 
 

194 cycles 1,269 cycles 6.54 
0.77 µs 1.90 µs 1.46 

Model 2 
 

6,752 cycles 45,779 cycles 6.78 
27.08 µs 68.66 µs 2.53 

 
Table VI. Speedup Factor comparison of different frequencies 

 
Frequency Clock cycles speedup Processing Time Speedup 

250 MHz 19.39 19.39 

250 MHz and 666.67 MHz 6.78 2.53 

 
 
Here the model 1 is trained for Iris Data and model 2 was 
trained for Breast cancer data. The Iris dataset classification 
application for Zynq SoC in the SDK tool took 191 clock 
cycles to run on the PL. This also constitutes the streaming of 
the data to the IP through the DMA. However, the same 
application on the ARM processor took 3455 clock cycles. 
Therefore the hardware IP achieved more than 18x the 
acceleration compared to the similar C coded function on the 
ARM CPU. In addition, results were obtained by operating 
the PS and PL at their maximum frequencies i.e. 666.67 MHz 
for the PS and 250 MHz for the PL. The results for this 
configuration are provided in Table V.  
A comparison was made finally between the PS and PL using 
their maximum operating frequencies and the default used 
frequencies to conclude which is a better alternative for the 
processing time and speed, the Table VI concludes this. 
It is clear from the Table VI that when both the processor and 
the FPGA operate at the same frequency a better speed up 

factor is obtained as compared to when operating at maximum 
frequency. 

V. CONCLUSION 

This work initially set out to implement the ML classifier, 
SVM on an FGPA. The reason was to develop an efficient and 
faster generic embedded classifier.  Existing literature on this 
topic was studied and the gaps in the research were identified. 
Therefore, we focused on implementing an embedded 
classification system with high accuracy, while keeping in 
mind the constraints of embedded systems. Various design 
and development tools were exploited to develop such a 
system.  
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An accelerator for SVM IP was designed which implemented 
an online, efficient and scalable model. The proposed model 
is less complex and more hardware-friendly than a software 
implementation of the same algorithm. Five models were 
initially trained and implemented on the SVM-light 
application. The datasets for Fischer’s Iris, MNIST 

handwritten digit recognition (modelled as even-odd 
classification), Breast Cancer prediction, and Skin 
Segmentation and Adult Income prediction were modelled in 
Windows. Three of the above-mentioned five models were 
also simulated and synthesized in HLS however there is a 
limitation for implementing larger datasets such as MNIST 
(Hand-written digits) on hardware FPGA as the resources for 
the large dataset were not sufficient and would require 
additional hardware. Regarding acceleration, a maximum 
factor of 20x was achieved on Zynq FPGA compared to the 
similar system running on software i.e. the ARM PS. At 250 
MHz, the processing time of 0.77 µs was achieved on the 
FPGA, compared to the 1.90 µs obtained on the ARM 
processor. 
Classification accuracy was to be kept same while achieving 
hardware-friendly system. Most of the existing 
implementations in the literature suffered from an accuracy 
loss while trying to achieve performance improvements. 
However, we achieved consistent classification accuracies 
throughout our work from Windows application to HLS 
synthesis to Hardware implementation. Therefore, our work is 
a scalable, generic embedded SVM classifier with no loss in 
accuracy meeting the critical embedded system constraints. 
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