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Abstract: One of the primary metal additive manufacturing processes is blown powder laser Directed 

Energy Deposition (DED), often referred to as laser cladding. This method is allied to conventional 

welding where a process tool provides the focused heat source, feedstock and shield gas to the substrate. 

The inherent nature of the process is often prone to instabilities when used for Additive Manufacturing, 

which can be overcome with deterministic process monitoring. This paper presents the requirement for 

deterministic industrial vision-based process monitoring using Field Programmable Gate Arrays (FPGAs) 

for laser cladding. Additionally, the topology of FPGAs are presented and compared to traditional vision 

processing architecture. This work presents how some of the urgent monitoring requirements are 

addressed using vision specific FPGAs developed using a proprietary Integrated Development 

Environment (IDE).  
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1. INTRODUCTION 

1.1 Industrial Requirement 

Maintaining process stability is important in any 

manufacturing process for it to be successful in producing 

parts at the correct quality, cost and in time. Many 

manufacturing processes are often defined by a set of key 

process input variables and indicators that have a significant 

impact on process stability [1, 2]. Monitoring these variables 

is sometimes key to maintain process stability. Monitoring of 

these variables can be done through a wide variety of 

automated and/or cognitive techniques for many advanced 

manufacturing processes. The recent rise in Additive 

Manufacturing (AM) has seen renewed interest in the field of  

industrial real-time process monitoring, mainly to remove as 

much as the cognitive load as possible or where the sampling 

frequency required is such that automation is the only route.  

In order to achieve robust process monitoring the equipment 

needs to be fundamentally deterministic, cost sensitive and 

maintenance free. Furthermore, systems need to present data 

in the desired format, such that they can be integrated into a 

system, and so the data is useable and useful from the outset. 

These factors are of primary importance as monitoring 

devices can be deployed in environments where an 

experienced and expert workforce exists, predicated on using 

carefully honed craftsmanship, but which is only focused on 

the process itself and not complex monitoring equipment. 

For monitoring devices that are based on machine vision it is 

common to use a vision camera connected to an industrial 

computer. In this conventional system the camera transfers 

image data to the host memory of the industrial computer. 

From this the Central Processing Unit (CPU) is instructed to 

act on the data using a single input single output 

methodology [3]. This model is used very successfully for a 

wide variety of machine vision tasks, however, when the data 

rate exceeds some of the common transport protocols, such as 

GigE, USB 2 and 3, higher data protocols are required. This 

can be solved using frame grabbers and high data rate 

protocols, such as Camera Link and CoaXPress®. When 

using these frame grabbers, the image data is transferred from 

the camera via the Camera Link or CoaXPress® cables to a 

frame grabber installed in an industrial computer. The frame 

grabber often buffers the image data to an image of the 

desired dimensions, which is then transferred to the host 

computer memory. For high data-rate applications this 

transfer to the host computer is often a huge bottle neck and 

limits the deterministic nature of high-data rata image 

processing on the host computer.  

Traditionally, embedded vision systems have overcome this 

bottle neck of high data-rate capture cards by embedding 

Field Programable Gate Arrays (FPGAs) on the capture 

cards. For large data rate applications FPGAs are often very 

difficult to rapidly deploy in an industrial setting because of 

the low-level hardware language required to program the 

function of the chip. However, to overcome this there are 

now several Integrated Development Environments (IDEs) 

available to allow for seamless rapid deployment. 
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This paper will discuss how an FPGA vision system has been 

deployed in an industrial setting for laser materials cladding 

to overcome some urgent requrements. Furthermore, this 

work will present work carried out on an FPGA that is 

performing multiple processing tasks on different cameras.  

1.2  Related Work  

In the current climate, where autonomy is becoming 

increasingly pervasive FPGA vision systems are used in a 

variety of industries. One of the most popular is developing 

sensors for automobiles. Although this is not directly related 

to this work, how the programs have been developed and 

deployed are. The majority of the work relating to sensors on 

driverless vehicles have been focused on collecting three-

dimensional data for object avoidance [4-6]. All of this work 

has included development with an IDE rather than the low-

level machine language which has involved simulating the 

timing of the FPGA. Within this field of work Ambrosch and 

Kubinger [7] present a novel correlation algorithm 

specifically for the deployment on an FPGA capture card. 

This work presented a detailed process decomposition that 

should allow for the algorithm to be readily implemented on 

other FPGA vision platforms. Representing FPGA vision 

algorithms as flow diagrams is highly advantages as it 

visually represents the flow of data. Something which has 

been critical to this research.  

Furthermore, Dehnavi and Eshghi [4] present a process to 

capture data in a time period and accuracy to allow for a 

variety of different image resolutions of an FPGA stereo 

vision system for on road applications. This work gives a 

good insight in to how different computing architectures, 

CPU, Graphics Card and FPGA compare. It clearly highlights 

the advantages of FPGAs over a more traditional architecture 

and how they are appropriate for deterministic applications, 

including manufacturing.   

For industrial applications FPGAs have been used 

successfully for multi-camera robot guided vision. Irwansyah 

and Ibraheem [8] present work tracking multiple robots with 

individual markers using multiple GigE cameras in a working 

area. Although the GigE protocol is not conventionally 

considered as high data-rate, the use of several cameras 

would certainly increase the data rate to similar if not higher 

amounts. In this work a multi-camera frame grabber system 

has been programmed to capture images, buffer images and 

perform an edge detection. This work highlighted the 

capability of FPGAs to perform highly parallel multi-camera 

applications in a compact setting.  

For process monitoring of laser cladding, work has been 

completed on monitoring the melt pool using vision-based 

FPGAs by several authors [9-12]. The majority of this work 

focuses on blob analysis to measure geometric properties of 

the melt pool, such as area, and the minor and major axes. 

These measurements are then used to control the laser power 

in real time to compensate for melt pool size fluctuations 

caused by a rise in substrate temperature. A constant melt 

pool size is highly desired in laser cladding as it provides 

stable control over dilution between the deposited and 

substrate material. Arias and Montealegre [11] presented 

recent work that controlled the melt pool size using this 

described method. This work stood out from some of the 

previous work as it included several functions to select 

various different filtering and filter measurement attributes. 

Even after the code that configured the FPGA had been 

synthesised, these functions could still be parametrised, such 

as min and max blob area. Additionally, this work used frame 

grabbers and software from Silicon Software. This package 

of software for programming FPGAs on the hardware allows 

extremely rapid and flexible vision FPGA realisation. 

What is clear from the related work and literature in all the 

fields is that the system architecture and the data flow in the 

FPGA is critical to the success of the application. 

Additionally, it is also made clear that the timing of the 

FPGA is also critical to the success, something that can be 

managed by developing using an IDE. In order to understand 

the application of the FPGA it is important to describe the 

physical infrastructure to help aid the narrative.  

2. WHAT ARE FPGAs? 

2.1  Physical Infrastructure of FPGAs  

A Field Programmable Gate Array is a special kind of silicon 

chip that is a matrix of configurable logic blocks, input 

output blocks and programmable interconnects.  

The Common Logic Blocks (CLB) can be configured to 

perform a wide variety of digital mathematical functions. 

Theses CLBs often contain multiple flip flops and look up 

tables which accounts for their extreme flexibility. The CLBs 

are organized in a matrix and are connected together by 

programmable interconnects.   

The Input/Output (I/O) blocks and programmable 

interconnects that encase the matrix of CLBs, that are also 

complex digital circuits in their own right. These I/O blocks 

can be programmed to perform a wide variety of functions 

including reading and writing to Double Data Rate (DDR) 

memory. Large quantities of high performance DDR memory 

is required to create image buffers for vision specific FPGAs.   

It is quite clear based on this description that an FPGA can be 

programmed to perform a variety of digital tasks, and, due to 

their inherent construction, they are highly parallel in nature. 

The physical nature of the FPGA requires some kind of data 

to determine the physical setting of all the digital circuitry in 

each component. This setting, or map as it is also known, is 

commonly referred to as a bitstream and is often stored on 

flash memory on the FPGA. This flash memory is often quite 

large because of the number of components required on most 

modern FPGAs.  

2.2  Data Flow in FPGA  

Machine vision and image processing spans a multitude of 

engineering sectors and business. On account of this, 

different vision applications require different requirements. 

This paper is focused on highly parallel requirements for high 



  

 

 

     

 

data rate image processing for real-time process monitoring. 

However, there are different architectures used to perform 

image processing. Mainly these architectures are Central 

Processing Units (CPUs), Graphics Processing Units (GPU) 

and Field-Programmable Gate Arrays (FPGAs). Each 

architecture does have its own place where they are highly 

beneficial and fully fit for purpose. CPUs which are 

commonly found in nearly all computers regardless of 

operating system, are used in applications where data 

processing speed fits with conventional camera interfaces and 

data rates. Additionally, CPU architecture is widely used in 

most machine learning applications. Conversely GPUs are 

used in applications where a single instruction is required on 

large data sets such as stitching 3D images, high intensity 

learning applications together with generic highly parallel 

pixel operations. FPGAs are commonly used where the data 

rate required exceeds conventional camera interfaces and, 

moreover, for processing of high data rate images.  

 

Each of these architectures operate on data differently. Most 

embedded CPUs are a sequence of Single Instruction on 

Single Data (SISD) operations, even when calling in multiple 

tasks. Some of the multicore processors can operate on a 

Single Instruction on Multiple Data (SIMD) approach. It is 

quite common in these architectures for several processor 

cycles, also known as ticks, to be required to complete an 

instruction. Most machine visions libraries are based on these 

CPU architectures and are what are commonly used in 

industry today. 

 

 

Fig 1 Process flow diagram explaining the SISD and MIMD 

operations.  

Another platform that operates on the SIMM architecture are 

GPUs. Commercially available GPUs are highly efficient at 

memory intensive applications and offer huge floating-point 

computational capability. Due to the consumer gaming 

market there are rapid developments in the GPU architecture. 

One drawback to this architecture is that GPUs are large units 

and are often full length double PCIe slots.  

Due to the architecture of an FPGA they are inherently highly 

parallel and operate on a Multiple Instruction of Multiple 

Data (MIMD) principle. This is possible because FPGAs can 

be programmed to perform several different operations at 

once. Fig 1 best describes the MIMD principle compared to 

SISD.  

2.3  Programming FPGAs for Machine Vision 

The hardware descriptive language used to programme 

FGPAs is commonly known as Very High-Speed Integrated 

Circuit Hardware Design Language or VHDL. There are 

many other names for the language depending on the FPGA 

vendor. This language is extremely low level and is costly to 

develop because of the labour required to realise simple 

solutions. To overcome this there are a wide variety of 

Integrated Development Environments (IDEs) available for 

VHDL from a variety of FPGA vendors. Moreover, there are 

now IDEs available that use visual programming. These IDEs 

save enormous time and subsequent cost in implementing 

solutions. However, one drawback is the upfront purchase 

price of the software. Often these IDEs exclude the software 

required to generate the bitstream, which is then an additional 

purchase.  

In this research Silicon Software Visual Applets 3 Expert has 

been used to quickly develop and deploy a solution. Visual 

Applets is a state-of-the-art IDE that has a wide range of 

commonly used vision functions such as pixel operations, 

filtering, digital logic etc. This software also has advanced 

libraries available for the FPGA such as 1D and 2D blob 

analysis and a Fast Fourier Transformation function. What 

makes this software so powerful is the simplicity of the user 

interface. It takes minutes to design a solution that can 

acquire images and perform pre-processing kernel operations. 

The subsequent bitstream map for the programs generated in 

Visual Applets have been syntheses using Xilinx Design 

Suite.  

2.4  Multitasking FPGA 

One of the greatest advantages in vision based FPGAs 

specifically using an IDE such as Visual Applets, is the 

ability to multitask due to the inherent parallel nature of the 

FPGA. Alternatively, one camera can be used to 

simultaneously perform different image processing tasks in 

parallel on the same image.  

This multitasking capability is the primary advantage of 

using an FPGA for process monitoring, even if the data of the 

monitoring task can use a conventional image processing 

architecture. Additionally, as FPGAs are volatile and 

configured using the aforementioned bitstream map there is 

no operation system required. This means the FPGA can start 

its task as soon as it is powered. This is highly advantageous 

as there is little action required from a user who is not 

necessarily a specialist in the skills required to deploy a 

complex monitoring system.  

 

 

 



  

 

 

     

 

3. METHODOLOGY 

3.1  Laser Cladding  

 

Laser cladding is a widely used technique to for Additive 

Manufacturing, repair and adding high performance materials 

to parts. Laser cladding is widely used in many engineering 

sectors including defence, aerospace, exploration and 

production [14-16]. It is often used in these sectors because 

of the high-quality metallurgical bond it causes with the 

substrate material compared to other fusion processes [17].  

 

Fig 2 A sketch of the laser cladding processing tool used in 

this research.  

 

Laser cladding is typically when a near infrared laser is used 

to create a molten melt pool on a substrate. Metal powder is 

then injected in to the melt pool by an inert carrier gas. The 

focused laser and fluidised powder are both delivered by a 

processing tool much like the one sketched in Fig 2. When 

the processing tool is traversed, the previously deposited 

material rapidly solidifies causing a high integrity 

metallurgical and mechanical bond. 

 

It is common in most of these industries to employ highly 

skilled welding and cladding engineers to operate laser 

cladding equipment. This workforce, as discussed, may have 

little knowledge or experience in process monitoring or the 

skills required to operate and maintain a conventional vision-

based monitoring system.  

 

3.2  Process Monitoring for Laser Cladding  

 

During laser cladding the substrate temperature can vary 

throughout deposition. This is on account of the heat being 

generated from the laser and the deposition strategy. This 

fluctuation in substrate temperature can impact the properties 

of the melt pool, which can cause a wide variety of defects 

[10]. This problem is commonly addressed with a coaxial-

camera measuring the geometric properties of the melt pool 

[11,12]. Some of the highest ranked key process input 

variables in the laser cladding process are related to the 

material delivery including the blown metal powder. One 

phenomenon of the powder delivery is to avoid any 

fluctuations in flow caused by incorrect settings or blocked 

nozzles. The line from the powder feeder to the exit nozzle of 

the processing tool in the equipment using in this research is 

more than 20 metres. Any monitoring of the powder flow at 

the powder feeder or in-line could be redundant because of 

any changes in flow across this length.  Therefore, it is 

extremely important to monitor the powder flow at the nozzle 

exit. It is common for the operator of a cladding cell to 

visually inspect the powder flow at the nozzle exit. When 

inspecting this powder stream the operator will be wearing 

appropriate personal protective equipment (PPE) to prevent 

uncontrolled exposure to metal powder. When implementing 

safety control measures PPE should always be the last option. 

Here, an attempt has been made to automate one of the most 

difficult aspects of inspecting the powder stream, these 

described fluctuations, therefore removing the requirement 

for the operator to inspect the nozzle. Furthermore, an FPGA 

vision system has been used that requires little knowledge or 

software operation for its use, removing as much as the 

cognitive load as possible form the cladding engineer. 

 

Here, both geometric measurement and inspection of the 

powder stream will be addressed by implementing a 

multitasking vision-based FPGA system. Traditionally, these 

problems have been solved using conventional CPU 

architecture resulting in bottle necks and high-performance 

industrial PCs or singular FPGA designs. Here, this work 

presents the novel deployment of two different FPGA 

solutions on a single capture card to address urgent 

monitoring for laser cladding. The primary benefit of this 

solution is that it can be theoretically deployed in any 

industrial platform with no change in the determinism or 

functionality.  

 

3.3  Equipment 

 

Fig 3 Annotated picture of the Silicon Software micro 

Enabled 5 VCX-QP use in this research. 

For solving this problem a Silicon Software micro Enabled 5 

VCX-QP has been used with a JAI Spark 5000 CXP 2 

camera. This frame grabber pictured in figure has a Xilinx 

Kintex FPGA embedded on the capture card with 2GByte of 

DDR 3 RAM pictured in Fig 3. A schematic of the Xilinx 



  

 

 

     

 

Kintex FPGA is pictured in Fig 4 that shows the various 

elements that account for the parallel nature, such as the 

CLBs and programmable interconnects. The maximum clock 

speed of the Kintex FPGA is 125 MHz. The JAI Spark 5000s 

are connected to the framer grabber using the CoaXPress® 2 

protocol. 

 

Fig 5 Schematic of a typical FPGA.   

This protocol supports up to 2.5Gbit/s with a maximum cable 

length of 185 meters. The coaxial cable also provides power 

to the two cameras. Furthermore, this standard can send and 

receive trigger signals from the camera and access the 

GenICam devices properties such as frame rate, exposure, 

and Region of Interest. All of these attributes make the 

CoaXPress® standard ideal to integrate in a laser materials 

processing cell because feed through in industrial enclosures 

are often a premium.  

The frame grabber is installed in a Windows® based 

industrial PC. In these experiments the frame grabber has 

been configured to supply power to the cameras through the 

CoaXPress® cables. This is done by simply using the power 

bus on the PC power supply. For both cameras the length 

used is 10 metres. These cables are high quality CoaXPress® 

cables that are bundled with extra shielding. One drawback of 

cables used here is that the cables are a solid core. The cable 

that is attached to the camera performing melt pool 

monitoring was fed through the drag chain of the robot. If 

this cable was to be installed permanently, a multi-core 

CoaXPress® cable would be a better choice as it would 

mitigate any failure due to work hardening due to constant 

movement form the robot. 

3.3  Program 

To measure the melt pool in real-time and to monitor powder 

delivery fluctuations, an applet has been created with two 

embedded processes, one for each camera. Each of these 

processes have different functionalities and operate at 

different frame rates, although the tick frequency is the same.  

Process 0 performs the blob analysis that measures the 

geometric properties of the melt pool, such as area in total 

pixels, and the minor and major axes. Process 0 and 1 start 

immediately when the bitstream map is loaded on the FPGA. 

Both send a trigger signal to the connected cameras and to a 

high speed strobe LED. The camera is configured to expose 

when it receives this signal. The exposure time of the camera 

is also set to match the width of this trigger signal. Process 0 

and Process 1 each have different trigger widths. These 

trigger widths can be parameterised in real time along with 

other program attributes. Which means the bitstream does not 

have to be generated each time a functional change to each 

process is required.  

Fig 6 and Fig 7 best explain how each process is carried out 

for the blob analysis (Process 0) and the rolling average 

(Process 1) respectively. After the camera exposes, it sends 

the image to the frame grabber where the image is buffered in 

each process. This image is buffered using the DDR memory 

on the frame grabber. The FPGA can then act on the images 

in the DDR memory.   

 

Fig 6 Flow diagram of process 0 in the program 

To measure the geometric features of the melt pool a blob 

analysis tool has been used. This tool is capable of outputting 

bounding box coordinates, area, minor and major axes and 

the centre of the blob. In this work the FPGA has been 

programmed to only output the area and the minor and major 

axes.  

To monitor the fluctuations in the powder flow, a rolling 

average has been implemented on the FPGA. The results of 

this cumulative image in the rolling average are compared to 

the current image acquired. The differences between the 

current image and the cumulative are pseudo coloured by the 

FPGA where red is a difference and green is nominal. The 

pseudo images are transferred to the industrial computer by a 

dynamic memory allocation (DMA). 

 



  

 

 

     

 

The proprietary Stemmer Imaging Common Vision Blox 

Software Development Kit (SDK) has been used to access the 

images produced by both cameras. This SDK offers an 

interface driver for Silicon Software products. A user 

interface has been created that allows for the acquisition and 

recording of the images. When developing FPGA solutions a 

method to acquire the images from the host computer 

memory is required. This can be a hidden cost and should be 

readily planned for during the system requirements mapping 

stage.   

 

 

Fig 7 Flow diagram of process 1 in the program. 

      4. RESULTS 

The images shown in Fig 7 are  consecutive images recorded 

from the rolling average DMA (process 1). It is clear from 

these images that there is enough contrast between the 

powder stream and the background. There is also a region of 

red particles in the powder stream indicating a change from 

the averaged image. These pseudo red particles have 

indicated a change in the powder flow or a fluctuation. When 

cladding was performed using these settings it was clear that 

this inconsistency did exist with the powder stream therefore 

validating the general functionality of the rolling average. 

These images show that it is possible to capture the most 

difficult attribute of the powder flow using a vision-based 

FPGA system. Furthermore, it highlights that the fluctuations 

can be presented to the operator very clearly by configuring 

the FPGA to pseudo colour the difference between the 

cumulative image and the current image.   

For Process 0 blob analysis the JAI Spark 5000 CXP 2 

camera was set at an image width and height of 1024 and 

2560 pixels respectively. Additionally, the maximum frame 

rate using the GenICam device configurator was set at 410 

frames per second. During testing it was observed that this 

frame rate held constant with little observed jitter. Process 0 

blob analysis has been configured to filter the blob area and 

reject images below this size before the DMA.  

To compare the effectiveness of this program a Dalsa Genie 

Nano M1280 8 bit monochrome camera has been used 

performing blob analysis on a Windows ® based PC. This 

Windows ® based PC has an Intel ® i7 processor with 8GB 

of RAM and is a typical industrial embedded PC that would 

perform such tasks. The speed of the processing for the 

FPGA and the Windows based PC is summarised in Tab 1.  

The proprietary Stemmer Imaging Common Vision Blox 

Software Development Kit (SDK) was used for the image 

processing aspect. The CSBlobExample.exe example and was 

configured to filter blobs around 5000 pixels in the area, 

which mitigated most of the noise from object that was not of 

interest, such as ejecting powder. Therefore, optimising the 

computing time of the blob analysis.  

Table 1.  FPGA vs CPU performance characteristics 

Process Frame rate Calculation 

speed 

FPGA 410 FPS 0.25 ms 

Windows 

PC 

110 FPS 2 ms 

 

The images show in Fig 8 are images recorded from the blob 

analysis DMA (process 0). When programming the FPGA 

using Silicon Software Visual Applets, all of the data passed 

between functions is an image format this is including trigger 

signals and masks. This nuisance of programming using this 

IDE is highly advantageous as it assists in rapid bug finding. 

The results from the blob analysis have been concatenated to 

produce a 64 bit depth image where each pixel represents 

blob information. Each pixel is split into three pieces of 

information. The lower 32 bits is the bob area in total pixel 

count and the upper 32 bits are the minor and major axes 

respectively. It is clear from the results here that the blob 

analysis is detecting two blobs in the image when there is 

only one of interest. The second blob is only very small and, 

upon further inspection, was material being ejected from the 

melt pool. It is clear that the FPGA is very capable of 

performing blob analysis and outputting standard blob 

information. From this output image it is clear some level of 

filtering the blob data is required 

 



  

 

 

     

 

 

Fig 8 Consecutively recorded images from process 1 of the FPGA with  

 

Fig 9 Flow diagram of process 1 in the program. 

 

 

 



  

 

 

     

 

 

     5. CONCLUSION 

When deploying a vision-based monitoring system it is 

important to consider the data-rate required for deterministic 

control. If this requires an FPGA solution, further attention 

needs to be paid to the type of interface and the clock cycle of 

the FPGA required. There are a wide variety of vision-based 

FPGAs available that are extremely cost effective to deploy. 

Furthermore, if a multicamera multitasking system is 

required where an FPGA is not necessarily required it should 

be considered because of how low-profile this system is, 

especially if it is to be integrated as part of a larger industrial 

processing machine.  

Using an IDE to develop an FPGA system has required little 

knowledge of detailed circuit design of an FPGA as the tools 

available within the IDE are easy to use and intuitive. The 

IDE used here seamlessly integrates with the bitstream 

synthesis software allowing for simple generation of the file 

required that is loaded on the FPGA. Using an IDE for 

development has also allowed for two complex vision 

processes to be realised on one FPGA with two cameras.  

Furthermore, using an FPGA rather than conventional image 

processing hardware has resulted in a performance increase 

of ~300%. However, this does come at an increase in cost as 

the IDE responsible for programming the FPGA is costly 

especially when a synthesis tool is also required.  

Using FPGAs for monitoring laser cladding has given good 

insight into the nature of deploying an FPGA based vision 

system in an industrial setting. Using a single cable for 

camera power and data allows for easy integration in a laser 

materials processing machine. The rolling average (process 

1) program with pseudo colouring was able to detect 

fluctuations in the powder flow and present them to the 

machine operator in an easy to understand format. Moreover, 

this system removes the requirement for the operator to be 

exposed to hazardous metal powder by implementing 

engineering controls rather than relying on PPE. 
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