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Design of an Automated System for Imaging and 
Sorting Soil Mesofauna 

 
 

1. Introduction 
 

Identification and population counts of soil mesofauna, or soil 

arthropods, can be an important tool for soil ecologists to determine soil 

biodiversity.  Soil mesofauna, because of their large species diversity, low 

acquisition costs, and widespread distribution gives them a high potential for 

monitoring soil biodiversity. Population counts can provide useful information 

for soil ecologists that can be applied to better understanding world problems.  

Different areas where soil bio-monitoring could be applied include: effect of 

human land use, monitoring water and soil health, impact of global climate 

changes, and benefits of soil biodiversity for human uses like agriculture.  

Historically, the practical limitations facing arthropod soil ecologists have been 

high densities 100 to 500,000/m2 and high species diversity 200-250/m2 [1,2].  

Since there is such a large density and diversity of specimens in a soil sample, 

it is impractical and expensive for an expert soil ecologist (there are only a 

handful worldwide) to continuously perform population counts for monitoring 

soil biodiversity.   

A multi-disciplinary team of Computer Scientists, Mechanical 

Engineers, and Entomologists from Oregon State University and the University 

of Washington are developing a solution to the problem.  The goal of the Bug 

Id Project is to develop a robust pattern recognition system that is fully 

automated and can adapt to new identification tasks [1,3].  Previous work by 
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the team included creating an automated system for identifying stonefly larvae 

that was successful [3,4].  The previous system used a computer vision 

approach to automated rapid-throughput taxonomic identification [5].  The 

team was able to design an automated system that could distinguish between 

four classes of stonefly with 82% accuracy.  The system includes mechanical 

automation for imaging and handling of stoneflies and classification 

automation using identification software.  The current project will build upon 

the previous work with stoneflies but will be adapted to new smaller species of 

arthropods, including soil mesofauna.  The long-term goal is to develop a tool 

that entomologists worldwide can use for classifying a large range of 

arthropods. 

The identification process begins with the acquisition of soil samples 

(from forest soil, agricultural soil…etc.).  Soil mesofauna specimens are then 

commonly separated from the soil by Berlese funnel extraction [1].  The 

extraction process uses an artificial heat source to force the specimens into a 

gravity fed collecting vessel containing a preservation fluid.  The specimens 

are then placed into 60 mm Petri dishes and diluted sufficiently with a mixture 

of glycol and glycerin (3:1) such that the probability of occluding is low.  The 

glycol and glycerin mixture has a high viscosity and prevents the specimens 

from moving during imaging.  The mixture also provides a suitable medium for 

preservation.  Figure 1 shows a sample image from a prepared Petri dish.  

The specimens being imaged in Figure 1 show the size range that is common 
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to a soil sample.  The range in Figure 1 is about 0.5 mm to 3 mm in length; 

some samples have specimens over 5 mm.  This paper will be focused on 19 

species of soil mesofauna ranging from 0.5 mm to 2.5 mm in length.  

 

 
Figure 1: Sample mixed dish of soil mesofauna with sizes ranging from 0.5 to 

3 mm in length. 
 

Once a Petri dish has been prepared it is ready to be imaged by the 

system.  Specimen preparation will be the only major human labor required for 

the system process.   

  

1.1 Mechanical Design Problem 
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To overcome the large amounts of time needed for manual 

identification of soil mesofauna, an automated system is being designed and 

developed.  The overall system can be broken into two distinct design 

problems: 1) pattern recognition and machine learning software used to 

identify the soil mesofauna; and 2) a mechanical apparatus for automated 

imaging, positioning, and sorting of soil mesofauna.  This paper will focus on 

the latter design problem.  The team of computer scientists will develop the 

identification software.  The identification software includes pattern and shape 

recognition and segmentation algorithms.  The identification software will be 

dependent on the mechanical system for digital images.   

 

1.2 Design Requirements 
 

Design requirements for this project are customer driven.  Customers 

for this project include the computer science team and the entomologists 

working on the project.  The computer science team has requirements 

pertaining to the identification software and the entomologists represent the 

end user and have requirements for usability and efficiency.  Requirements 

from the computer science team include having high quality and automated 

digital imaging.  The higher the quality of the image the more effective the 

pattern recognition algorithms will be in learning patterns.  Quality images are 

well lit but not over exposed.  An over exposed image loses information where 

it is over saturated.  Automating the imaging process requires automating the 
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required functions for imaging like lighting and positioning.  The computer 

science team will also need to segment the specimens from the image.  

Segmentation requires having a solid uniformly colored background.  Images 

that have a background that is easily distinguishable from the specimens of 

soil mesofauna will be easier to segment. 

Entomologist customers will be interested in the effectiveness of the 

final system.  This will have a lot to do with how the computer software works 

but will also depend on the mechanical system.  High throughput is the main 

requirement for the entomologists.  Throughput will be increased through 

automation of the process. The entomologists also require that the system sort 

the classified specimens.  Sorted specimens can be used later for validating 

the system’s classification of specimens.  Automation of the system will 

decrease the amount of manual labor required for handling samples.  A list of 

the soil mesofauna species used for this paper is listed along with their 

associated measured dimensions in Table 1. 
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Table 1: Species measurements. 

Sample Specimen Name 
Length 
(mm) 

Width 
(mm) 

B Isotoma ad 1.78 0.886 
C Onychiurus 1.92 0.441 
D Hypogastrura mar 0.943 0.341 
E Hypogastrura sp5 1.33 0.370 
F Eremaeus stiktos 0.716 0.410 
G Liacarus sptn 0.609 0.419 
H Epilohmannia ad & im 1.27 0.966 
I Ceratoppia 0.641 0.390 
J Rhinosuctobelba diceratosa 0.809 0.427 
K Entomobrya multifasciata 1.82 0.504 
L Entomobrya atrocincta 1.21 0.447 
M Entomobrya unifasciata 2.21 0.487 
N Liacarus robustus 1.09 0.789 
O Xenillus sp1 1.53 0.803 
P Ptenothrix sp1vim 0.615 0.547 
Q Tetracanthella sp1 1.39 0.294 
R Galumna im 0.5 0.400 
S Chironomid sp66im 2.5 0.233 
T Lithobiid vim 1.81 0.416 

 

The mechanical system will have to execute several different functions 

to satisfy all of the requirements.  First and most importantly, the system 

should take high quality images for the identification software.  Imaging will 

include magnification, lighting, and camera control.  Imaging functions will 

need to be automated.  There will also need to be a device for positioning the 

specimens for automating imaging.  Positioning will require accurate repetitive 

movements.  Finally, there will need to be a way of sorting the identified 

specimens for verification and testing purposes.  It is important that the system 
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minimizes human labor while maintaining the high level of identification 

accuracy that an expert would provide with a higher throughput.  

 

1.3 Contributions 
 

Contributions made by the author to this project included making 

improvements to the imaging and positioning systems and the addition of a 

sorting system.  The imaging system was improved by further development of 

the lighting system.  To improve lighting a new side lighting prototype was 

created and a ring light was purchased to provide even more lighting from 

above.   The addition of a controller with feedback to the XY stage improved 

the positioning system’s precision and accuracy.  Also the addition of limit 

switches provided a means for homing and increased reliability by limiting 

unwanted movement.  A sorting system was also added to the final system.  

The sorting system included a six-axis robot with a pipette end effector and a 

well plate for storing sorted samples.  The design and development of 

improvements to the system are discussed further in chapter 3 with more 

detail. 
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2. Literature Review 
 
 
2.1 Automated Insect Identification Systems 
 

There are a few other groups doing related work using computer vision 

for automated insect identification.  One group developing the Automated Bee 

Identification System (ABIS) [6] uses images of bee wings for identifying bee 

species.  The ABIS system has been shown to be very effective at 

distinguishing bee species but has the draw back of the user to manually 

position and orient the bee for imaging the specimen’s wing.  The Digital 

Automated Identification SYstem (DAISY) is a general-purpose identification 

system for a wide range of biological systems [7].   Besides insects, DAISY is 

capable of successfully identifying leaf, face, foram, sound, and pollen.  For 

identifying arthropods DAISY requires user input for orienting and segmenting 

the specimen.  Another insect identification system being developed is the 

SPecies IDentification, Automated and web accessible (SPIDA-web) system 

[8].  The SPIDA-web system, as the name suggests, is being developed for 

identifying and classifying spiders.  SPIDA-web has shown to be very 

successful in identifying and classifying select specimens of spiders down to 

the genus level.  The SPIDA-web system requires a properly oriented image of 

the spider specimen’s genitalia.  This requires the user to manipulate the 

spider with forceps to get a properly oriented image and to perform some pre-

processing work to the image before it can be identified.  The common 

drawback of all the systems mentioned is that they all require a significant 
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amount of user effort to acquire images.  None of the systems are addressing 

the problem of automating the positioning, imaging, and sorting of the 

specimens.  This lack of automation significantly decreases the throughput 

rate.  Manual insect handling during identification is usually the most time 

consuming part of population counts for a trained technician.   

A literature review found one other group that was developing 

automated solutions to the mechanical problems of imaging and handling 

insects.  The Integrated Biological Control Team at New Mexico State 

University (NMSU) has developed a system for identifying insects using 

computer vision techniques.   The group at NMSU has developed a system 

that can identify and sort through insects found in crops and fields.  They are 

specifically looking at insects that are harmful/beneficial in the food and 

agricultural industry.  On the team’s website they have videos of their system 

in action identifying and sorting insects [9].  Their system includes high-

resolution cameras, microscope, and a six-axis robot arm with end effector.  

After the system identifies a specimen, it is able to handle the insect using a 

“vacuum pen” end effector that is attached to the end of the robot arm.  To 

remove a specimen the robot presses the vacuum pen to the insect then 

suction is applied using a vacuum pressure source.  The insect is expelled by 

gravity when the suction is cutoff.  This system is closely related to the system 

presented in this paper.  The major difference between systems is the size of 

specimens being identified.  From the video it appears that the range of 
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insects going through the system range from about 5mm to 35mm length.  

This makes their minimum and maximum specimens about ten times larger, 

respectively, than the specimens used in this paper.  They also handle and 

image their specimens in open air while specimens in this paper will be both 

imaged and handled in a glycol and glycerin mixture.  Both of these 

differences make for different and challenging design problems. 

 

2.2 Automated Mechanical Systems 
 

The agricultural industry has numerous examples of automation used 

for high throughput.  Similar to handling insects, automated devices in the 

agriculture industry must handle organically shaped objects making it a good 

source for automated handling insight.  One example is a device used for 

singulation of grain kernels that was developed for detecting insect infestation 

in cereal grains [10].  The device uses a rotating disc controlled by a stepper 

motor and optical sensor to single grain kernels through an oblong hole for 

imaging with X-rays.  The X-ray images can be used to accurately identify 

insect identification.  The device takes advantage of the fact that grain kernels 

are very similar in size and shape and are rigid.  This isn’t the case with our 

project that has insects with a wide range in both size and shape and are 

relatively fragile compared to grain kernels.  Another group developed a 

system that uses computer vision techniques to identify and sort closed shell 

pistachios from processing streams [11].  The system has a throughput rate of 
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40 nuts per second and maintains 95% classification accuracy.  Mechanically 

the system feeds the nuts with a vibration feeder to a feeder chute that 

presents the nuts to be imaged for the cameras.  The feeder chute was 

modified by adding an air system that would create a cushion of air for the 

nuts to glide on.  This prevented the nuts from rotating in unwanted ways.  

Like the grain kernel singulation device, this system is dependent on having 

uniformly sized rigid pistachios.  A machine vision system for grading and 

sorting fruit was developed for commercialization in Spain [12].  The system is 

capable of processing 15 fruits per second per line while classifying and 

sorting.  All of these systems mentioned offer some insight into how to position 

and orient specimens for imaging.  The idea of having a conveyer belt or 

rotating disc for positioning seemed plausible but would need to be scaled 

down. 

The medical and biological industry is an example where automation is 

used for high accuracy.  A robot-assisted biopsy using ultrasound guidance 

device has been developed and tested using phantom tests [13].  The robotic 

system uses a 4-DOF (degree-of-freedom) robot for coarse position 

movements and has a 3-DOF needle-positioning unit (NPU) attached to the 

robot for fine positioning.  During testing the biopsy specimen was harvested 

with only one needle pass and had a deviation from the center of the target of 

1.1±0.8 mm.  Robotic assisted biopsies in vitro were shown to be feasible.  

High accuracy and versatility of the robot made this device an appealing 
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approach for handling microscopic insects.  Other research describes an 

autonomous micro robot used for injecting biological cells [14-16].  The system 

consists of a high precision 3 DOF micro robot that has an injection pipette 

attached to it, an inverted microscope with digital camera, and a holding 

pipette controlled manually by a three dimensional coarse manipulator.  During 

testing one of the systems was successful in automatically injecting five 

mouse embryos.  This system is a good model of how an automated system 

can perform tasks on a micro scale with higher accuracy and repeatability than 

a human.  
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3. Design Process and Development History 
 

The Bug Id Project has been an ongoing research project that began in 

2002.  Previous work by Sarpola [3], Thomas [4], and Peterson [17] gave 

insight into the design process that had been successfully used for the Bug Id 

Project.  Sarpola used an iterative design process that included creating 

prototypes and then testing them against design requirements.  An iterative 

design process is a good strategy for designing when customer requirements 

are limited and change.  This has been the case for the Bug Id Project since 

the beginning.  Peterson was able to develop six design strategies from his 

experience with the Bug Id Project.  His design strategies address many of the 

design challenges that are associated with this project.  Listed are his six 

design strategies that were implemented and used in the design process: 

1 Establish and foster open communication between customers and 

design engineers. 

2 Develop and explicitly write down design requirements as soon as 

possible. 

3 Examine the list of requirements to identify, which requirements are 

likely to change and which are stable. 

4 Predict future customer needs and requirement changes. 

5 Use an iterative approach to product development. 

6 Build flexibility into a design by selecting product architectures that 

tolerate changing requirements. 



 
 

14 

Customers for this project, as mentioned in section 1.2, are the 

computer science team and the entomologists.  Bi-weekly meetings were held 

and gave an opportunity for the customers to give feedback or change their 

requirements.  Feedback from the customers is important step in an iterative 

design process.  From the beginning three functional design requirements 

were established: imaging, positioning, and sorting.  These functions were 

considered requirements that wouldn’t change.  Subsystems based on these 

functions were created.  All of the relationships between the subsystems 

weren’t clear from the beginning but became clear after initial prototypes were 

built.  After prototypes were built then iterations were made to one or more 

subsystems concurrently until performance was satisfactory.  The final system 

with labeled components is shown in Figure 2.  The following sections, 3.1-3.4, 

go in depth into the design process for the subsystems of the final system 

including imaging, positioning, sorting, and the controller. 
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Figure 2: Final system. 

 
 
3.1 Imaging System 
 

Imaging entails taking high-resolution digital images of specimens with 

an appropriate amount of magnification and lighting.  It was required that the 

system be able to take two types of images.  The first type of image would be 

of the specimens with direct lighting.  The direct lighting will have to provide 

enough light such that darker arthropods are visible and that shiny, 

transparent, and lighter arthropods aren’t over saturated.  The second type of 

image would be of the specimens without direct lighting and be backlit with a 

solid color.  The second image would be used to segment the arthropods from 

Lighting 

Six-Axis Robot 

XY Stage 
 

LCD 

Microscope 
 

Well Plate 

End Effector 
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the first image.  Also important information for identification about shape and 

transparency could be obtained from the backlit image.  Originally it was 

desired to have one image that could be segmented.  This was shown to be 

implausible because of the large difference in backlighting and direct lighting.  

Direct lighting was considerably brighter than the backlighting and when 

imaged the solid colored background wasn’t visible.   

The microscope used was a Leica MZ9.5 with a Q-Imaging 

Micropublisher 5.0 RTV digital camera attached to it.  These parts were used 

for the stonefly apparatus and were easily modified to work with this project.  

Magnification was chosen based on what an expert entomologist would use 

for identifying soil mesofauna.  It is important for selecting a magnification that 

provides enough specimen information (pixels) for the software to learn and 

identify the specimen.  Too much magnification will slow down the process 

because more images will be required to completely image the Petri dish.  The 

final magnification chosen was 3.2X with a 0.63 objective.   

Lighting was a design problem that was first addressed by Peterson 

when he was working on the Bug Id Project.  Figure 3 shows the three 

prototypes that he designed and built.  Prototype 3.0 featured brighter LEDs, a 

mechanism for securing the Petri dish, simplified wiring, and attached to an 

enclosure containing an LCD screen.  The LCD screen was used for creating 

the backlit images for segmentation.  While the Prototype 3.0 was brighter 

than previous iterations, feedback from the computer science team was that 
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the lighting still needed to be brighter.  Also, the mechanism for holding the 

Petri dish was inconsistent.  It was designed to accommodate different sizes of 

Petri dishes but didn’t consistently hold the dish in the same spot.  This would 

be a problem for positioning making it inconsistent and require calibration for 

each Petri dish sample that is imaged.  Prototype 3.0 also lacked an interface 

for control by the computer.  Computer controlled lighting is a requirement for 

automating the system.  Segmented images using the LCD screen for 

backlight proved to be of good quality and only required that a second image 

be taken with direct lighting off and the back lighting on. 

 

 
Figure 3: Lighting Prototypes 1.0, 2.0, and 3.0 of previous ring lighting. 

 
 
3.1.1 Lighting Prototype 4.0 and 4.1 
 

A new prototype was designed to address the problems that Lighting 

Prototype 3.0 had.  When Lighting Prototype 4.0 was being designed it was 

decided that only 60 mm Petri dishes would be used.  Since one size would be 

used a more permanent design could be used to hold the Petri dish is place.  

This would make positioning of the dish consistent and not require positioning 
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calibration for each Petri dish sample.  The new prototype, shown in Figure 4, 

secured the Petri dish by having a hole of the same size as the 60 mm Petri 

dish through the base of the prototype.  With a known diameter, the 24 LEDs 

were moved closer to the Petri dish to improve brightness.  An H-bridge was 

also added between the power source and LEDs so that lighting could be 

controlled with a microcontroller using 5 V TTL (transistor-transistor logic).  

The microcontroller was also used to control other parts of the system.  

Prototype 4.1 was the same as 4.0 but had an improved power source for 

lighting.  The new power used a constant current circuit.  The constant current 

circuit made the LEDs brighter and added an easy way for manually 

controlling brightness with potentiometers.   

 

 
Figure 4: Lighting Prototype 4.0 and 4.1 model of the base. 
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Testing showed that images were brighter but some of the specimens 

showed specular highlights.  Two of the species that showed the most 

highlights were the Liacarus Robustus, sample N, and the Xenillus sp1, 

sample O.  Figure 5 shows an image of sample O with the new prototype 

lighting.  The bright white spots surrounding the specimen are the specular 

highlights and are created by the mirror like surface of the specimen.  Lighting 

Prototype 4.1 was successful in securing the Petri dish from moving and was 

controllable using the H-bridge.  Ergonomically, changing Petri dishes was 

difficult because of the LEDs close proximity to the dish.  
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Figure 5: Image of Xenillus sp1, sample O using Lighting Prototype 4.1. 

 
 
3.1.2 Lighting Prototype 5.0 
 

The new prototype addressed the problem of specular highlighting.  

The new prototype base moved the LEDs away from the Petri dish so diffusers 

could be added.  Light diffusers spread the light evenly making it more 

homogenized.  LED lights in general aren’t very homogenized or diffused.  

Prototype 5.0 was designed for use with up to three layers of diffusers.  Figure 

6 shows a sectional view of the new base with diffusers.  The diffusers used 

were made by Luminit and had an 80° circular light pattern.  This is the largest 

angle that they made and produced the greatest degree of homogenized light.  
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Also to add more light from a different direction, a top ring light was added.  

The top ring light used was the ORLED RL9-4 and was mounted to the 

microscope objective.  Some modifications were made so that it could be 

controlled with the microcontroller.  A voltage regulator connected to an H-

bridge allowed the ring light to be controlled and use the same power source 

used to power the side ring light. 

 

 
Figure 6: Sectional view showing the relation between the diffusers and base. 
 
 

Testing was done with sample N to see what effect the diffusers would 

have.  Figure 7 shows the change in lighting by adding one to three diffusers.  

Specular highlights disappear the more diffusers added and are eliminated 

with three diffusers. 

LED 
 

Diffusers 
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Figure 7: Prototype 5.0 lighting of Liacarus Robustus, sample N, with one, 

two, and three diffusers from left to right. 
 
 
3.1.3 Exposure Time 
 

After Prototype 5.0 was shown to provide quality images testing was 

done to determine the appropriate exposure time.  In the beginning a single 

exposure time was desired to image all of the specimens.  Using the digital 

camera’s auto exposure feature, exposure times were measured for all of the 

specimens.  Figure 8 shows the different species and their associated 

measured exposure time.  Measurements show that the range of exposure 

times for all of the specimens is large.  The lowest measured exposure time 

was 116 ms and the highest was 700.  Figure 9 shows the histograms for the 

intensities of all the specimens taken with a 116 ms exposure time.  The figure 

shows that two samples, N and O, were under exposed.  From this data it was 

decided that one exposure time wouldn’t be able to capture all of the 

information and two exposure times would need to be used.  The first 
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exposure time used would be 116 ms so that none of the specimens would be 

over exposed.  The second exposure time was determined by imaging the 

darkest bugs with various exposure times. 

 

 
Figure 8: Exposure times measured for each of the samples. 
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Figure 9: Intensity histograms of samples with an exposure time of 116 ms. 

 
 

Testing was done with various exposure times for samples N and O, 

and is shown in Figure 10.  From this data, an exposure time of 1000 ms was 

chosen for the second exposure time because of its distribution.  For lower 

exposure times, information is lost from being under exposed and for the 

higher exposure of 1200 ms some of the specimens start to become over 

saturated.   
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Figure 10: Intensity histograms of samples N (left) and O (right) with various 

exposure times. 
 
 
3.2 Positioning System 
 

Positioning is an important part of automating the system automated 

because all of the specimens in a sample can’t be imaged at once.  This is 

because of the size of the specimens and the magnification required to image 

them.  Since the specimens could be anywhere in the Petri dish, imaging 

required movement in three dimensions.  Figure 11 shows the coordinate 

system relationships between all of the mechanical subsystems.  These 

relationships are analogous to the components in Figure 2.  All of the 

coordinate systems move relative to the robot’s coordinate system.  The 

camera can only move in the z-direction, the XY stage can move in the x and 

y-directions, and the end effector can move and rotate in any direction.  All of 

the movements required for imaging were accomplished by moving the 

camera in the z-direction and the XY stage in the x and y-direction.  The LCD 

enclosure holding the Lighting Prototype 5.0 and Petri dish was mounted to 
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the XY stage.  The XY stage is composed of two linear stages attached 

orthogonally to each other.  Linear encoders made by Heidenhain provided 

position feedback using TTL encoding.  The encoders gave 70 mm of travel at 

0.04 µm resolution.  Other features included limit switches that prevented the 

stages from exceeding physical limits and homing switches that provided a 

way to home the stages.  Position feedback and limit switches were previously 

not used for the positioning system.  

 

 
Figure 11: Coordinate system relationships of all the subsystems. 

 
 

Control of the XY stage was accomplished by using a combination of 

high-powered drives and a microcontroller.  The two drives used to control the 

X and Y stages were purchased from Advanced Motion Control.  The drives, 
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DPRALTE-020B080, had a flexible architecture and had more than enough 

features for this project.  The microcontroller was used to command the drives 

with step and direction inputs using 5 V TTL.  The drives used a PID controller 

to control the drives. 

The PID controller was tuned for each of the stages since each of the 

stages had different loads and dynamics.  The tuning process consisted of 

inputting a reference signal and then adjusting the PID gains till the response 

was satisfactory.  The reference signal used was a triangle wave with a peak 

of 300 counts at 2 Hz.  Figure 12 shows screen shots of the drive tuning 

software before tuning and after tuning.  After the drives were tuned for small 

perturbations they were tuned again for application.  Since each count was 

0.04 µm, a more realistic movement task would be to move 4 mm or 100000 

counts.  Tuning was completed by adjusting the gains while inputting a square 

wave reference signal with a peak of 100000 counts at 0.5 Hz.  In tuning 

around more realistic movements oscillations were found and fixed that 

weren’t exposed in tuning with small movements.  The final PID gains are 

shown in Table 2. 
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Figure 12: Measurements of measured position (yellow) and reference 

position (white) for the controller before tuning (left) and after tuning (right). 
 
 

Table 2: PID Gains for X and Y Drives. 

 X Drive Y Drive 
KP 3.8 0.87 
KI 2.84E-07 1.46E-06 
KD 65.11 70 

  
 

3.3 Sorting System 
 

Sorting is an essential function for validating identifications made by the 

software.  After an image has been taken and a specimen in the image is 

identified then it needs to be sorted.  A human would use a pipette or 

something similar to extract a specimen from a Petri dish.  The actions a 

human would use for removing a specimen were inspiration for the design of 

the sorting system developed.  In order to move a pipette in 3D space and 

have it oriented at various angles a six-axis robot was purchased and 
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implemented into the system.  The six-axis robot offered a lot of flexibility for 

design.  If design changes were made to other subsystems the robot could be 

reoriented and reprogrammed easily.  The six-axis robot is also very similar to 

a human arm and can move similarly but with more precision, accuracy, and 

speed.  An end effector was also designed to hold and control a pipette tip and 

was attached to the end of the robot.  The six-axis robot with end effector, 

imaging system, and positioning system were mounted to a table.  A 24 well 

plate was also mounted to the table.  The well plate is used for storing the 

specimens after they have been identified and sorted and can be easily 

removed for inspection by the user.  The final mounting position for all the 

components is shown in Figure 2.   

 

3.3.1 End Effector Prototype 1.0 
 

The initial end effector was designed for modularity and flexibility, since 

geometric design constraints were difficult to determine from the beginning.  

This meant that the initial end effector had relatively large components that 

were easy to switch with new parts or could be redesigned using the same 

parts.  End Effector Prototype 1.0 was the first prototype built and is shown in 

Figure 13.  The prototype featured a flexible architecture.  The prototype was 

designed to work with universal pipette tips.  These tips are the most common 

and come in various sizes.  This gave flexibility for choosing a pipette tip and 

created a simple way for changing damaged and defective pipette tips. 
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Figure 13: End Effector Prototype 1.0. 

 
 

Prototype 1.0 also included a vacuum pump and solenoid for extracting 

specimens into the pipette tip.  Figure 14 shows the pump and solenoid 

mounted on the robot.  Power and control was accomplished with the 

microcontroller and an H-bridge and was wired through the robot’s wiring 

system. 
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Figure 14: Solenoid (left) and pump (right) configuration mounted to the robot. 
 
 

Testing showed that the End Effector Prototype 1.0 was successful in 

removing specimens from the Petri dish.  It was inconsistent though.  One of 

the problems with the prototype was that the pipette tip selected was too small 

for extracting all of the specimens.  Another problem was the orientation of the 

tip relative to the robot.  The orientation limited the range of where the tip 

could go.  For the robot to orient the tip vertically over the target specimen 

would cause a collision with the microscope.  This orientation was considered 

to be important since it would cause the least amount of disturbance to the 

sample. 
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3.3.2 End Effector Prototype 2.0 
 

Addressing the problems with the end effector the new prototype 

featured a larger pipette tip with a new orientation.  Using the measurements 

from Table 1 a pipette tip with a 1.5 mm inner diameter used for handling 

relatively larger items was chosen.  The actual measured tip diameter using 

the microscope was 1.45 mm.  This size of pipette allowed about half the 

specimens to be extracted vertically and the rest could be extracted from an 

angle. 

The new prototype, shown in Figure 15, oriented the pipette tip 

orthogonal to the previous prototype and removed a portion of the arm that 

extends the pipette tip from the robot.  This new orientation allowed the robot 

to position and orient the tip vertically over the target specimen without 

colliding with the microscope.  Mobility of the end effector was tested to find 

the maximum angles for orientation.  Testing found that the tip could be 

angled a maximum of 45º off the vertical axis.  The limiting factor in this angle 

was the collision between the end effector and the side lighting. Vertically the 

pipette could be placed anywhere in the dish but with the tip angled at 45º off 

the vertical axis the end effector was limited.  With this orientation the tip could 

be rotated about the vertical axis of the tip with a range of 0º to 165º and 196º 

to 360º. 
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Figure 15: End Effector Prototype 2.0. 

 
 

A three dimensional representation of the range of angles for the 

pipette tip are shown in Figure 16.  There is a 31º section opposite of the robot 

that the pipette can’t reach tilted 45º because of the physical limits of the 

robot.  Placing the robot closer would cause a collision with the microscope.  

The solenoid and pump system was also remounted on the side of the robot to 

create more room between the robot and microscope. 
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Figure 16: Range of orientations (orange) for the pipette tip for extraction with 

models of pipette tip and Petri dish. 
 
 
3.3.3 Controls Development for the End Effector 
 

Testing was done to determine the controls for the solenoid and pump 

of the end effector.  The solenoid and pump used a simple but effective rule 

control scheme.  To extract a specimen the pump was used as a vacuum and 

the solenoid was opened for a set amount of time then closed.  To expel a 

specimen power to the pump was reversed and the solenoid was again 

opened for a set amount of time then closed.  The amount of power to the 

pump was also controllable through the H-bridge using PWM (pulse width 

modulation).  Tests were performed to determine the amount of time and 

power required to extract and expel different species of soil mesofauna.  It was 

found through testing that the smaller species being extracted vertically were 
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consistently extracted when the pump was ran at full power for 110 ms.  This 

was enough to extract a specimen consistently without extracting multiple 

specimens.  Longer species being extracted from an angle of 45º required 

were consistently extracted with a time of 170 ms at full power.  To expel the 

extracted specimen the pump was ran at full power in reverse for a time five 

times longer than the time used to extract the specimen.  This ensured that all 

of the fluid and the specimen were expelled.  Testing also showed that the 

system was capable of sorting all of the species listed in Table 1 using this 

control scheme. 

 
3.3.4 Calibration of the End Effector 
 

For accurate positioning of the end effector the position of the pipette tip 

relative to the robot needs to be found.  An approach was developed for 

calibrating the end effector.  The goal of calibrating is to find the exact location 

of the pipette tip and to find the center position of the image relative to the 

robot.  With these coordinates known the robot could use information from the 

segmentation software to extract specimens that are in the field of view of the 

camera.  Using the CAD model of the end effector x, y, and z coordinates for 

the pipette tip were found.  These coordinates were close enough that the 

calibration process would work.  The calibration process uses measurements 

from three images of the end effector at different orientations to calculate the 

location of the pipette tip and center of the camera relative to the robot.  Figure 
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17 shows the initial three images taken with the end effector coordinate 

system superimposed.  

 

 
Figure 17: Images 1, 2, and 3 from left to right of the end effector at different 

orientations. 
 
 

From these images five equations were developed and used to 

calculate the five unknowns, three for the end effector and two for the center 

position of the camera.  If the position of the tip is measured relative to the 

camera’s coordinate system (Figure 10) for each image then the following 

equations calculate the error in the end effector’s position relative to the robot 

in the end effector’s coordinate system: 
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! 

yc  are the initial positions for the center of the camera relative to 

the camera’s coordinate system.  Figure 18 shows the images of the end 

effector after the calibration process.  The only coordinate that couldn’t be 

calculated using this process was the z coordinate.  This measurement was 

done manually and was calibrated to the bottom of the Petri dish. 

 

 
Figure 18:  Calibrated end effector. 

 
 
3.4 Controller System 
 

The control system, consisting of the microcontroller and a PC with the 

imaging software, are essentially the hub of the entire system.  All of the 

control and information is passed through the two components.  Figure 19 

shows the flow of images, specimens, controls, and information for the entire 

system.  The microcontroller’s main functions include controlling the XY stage 

position, the solenoid and pump of the end effector, and the lighting.  The PC 

controls the camera movements and imaging and commands the robots 
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movements.  The microcontroller and PC must coordinate for all of the 

system’s functions, imaging, positioning, and sorting.  For imaging the PC 

communicates with the microcontroller to control the lighting and positioning.  

When sorting the microcontroller and PC coordinate for extracting and 

expelling specimens.  The PC works as a central controller and the 

microcontroller is an extension for controlling its mechanical components.  

Figure 20 shows the control box that housed the microcontroller and all the 

electrical components for controlling the XY stage, lighting, and end effector. 

 

 
Figure 19: Diagram of the flow of images (green), specimens (red), and 

controls/information (blue) throughout the complete system. 
 
 



 
 

39 

 
Figure 20: Controller box with electrical components. 

 

Microcontroller 
 

X and Y Drives 
 

H-Bridges 
 

24 V Power Source 
 

Encoder 
Interpolators 

 



 
 

40 

4. Results and Discussion 
 

The final system was tested in the areas of imaging, positioning, and 

sorting.  Tests were developed for each area that would measure the 

performance of the system.  Results from testing the final system were 

compared to a list of engineering requirements.  The engineering requirements 

were developed from the customer requirements mentioned in section 1.2.  

The following sections, 4.1-4.3, will discuss how the final system measured 

against the engineering requirements for each of the areas mentioned.  The 

following sections have tables that display the list of customer requirements, 

engineering requirements, the design targets or goals, and actual design 

performance. 

 

4.1 Imaging System 
 
 
4.1.1 Testing 
 

The testing process for the imaging system consisted of taking multiple 

images of each of the 19 species then segmenting them and analyzing the 

combined color intensity distribution.  Figure 21 shows example images that 

were used for evaluating the image quality.  The first image is with the lights 

on and background lighting off, the second image is with lights off and 

background lighting on, and the third image is the segmented image using the 

first two images.  From the third image pixel intensities for the specimens in 
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the image are acquired and the background.  The digital camera is capable of 

taking 10 bit images which means the pixel intensities ranged from 0-1023.  

  

 
Figure 21: Example of images used in the testing process.  From left to right, 

lights on image, lights off, and segmented image using lights on and off 
images. 

 
 
4.1.2 Testing Results 
 

Table 3 shows the requirements listed for quality images.  Most of the 

design targets were met.  Figure 22 shows the pixel intensity histogram results 

for the 19 soil mesofauna species.  The mean intensity range for the 

specimens was a little low but could be improved by increasing the exposure 

time or adding another intermediate exposure time.  Increasing the exposure 

time will also help increase the standard deviation for the histograms.  The 

standard deviation for pixel intensity gives a measurement for the distribution 

intensity and thus image quality.  A possible downfall to increasing the 

exposure time would be that a small percentage of specimens could be over 

exposed.  Future testing would confirm this.   

The requirements for easy segmentation were all met.  The mean 

distribution for the background from testing is shown in Figure 23.  In the 
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distribution there is a small peak in the lower intensity region.  The reason for 

this is because the segmentation software doesn’t always correctly distinguish 

what is a soil mesofauna and what is background or noise like dirt.  Further 

development of the segmentation software will improve this problem. 

 

Table 3: Imaging Customer Requirements. 
Customer 
Requirements Engineering Requirements Targets Design 

Quality Image       

  Specimen mean intensity range 100-800 88-564 

  Specimen standard deviation >40 36-220 

  Amount of exposure times needed 1 2 

  Specimen exposure time (ms) <1000 
116, 
1000 

  Specimens over/under saturated 0 0 

  
Specimens with specular 
highlights 0 0 

Easy Segmentation       

  Background mean intensity range 400-600 545 

  Background standard deviation <40 34.5 

  Background exposure time (ms) <2000 1010 

Automated Imaging       

  Amount of Petri dish imaged >60% 64% 

  Automated lighting TRUE TRUE 

  Overlap between images 50% 50% 

  
Maximum images required for a 
Petri dish <2500 2640 

 
Time to image a Petri dish sample 
(hr) <8 4-6 
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Figure 22: Histogram of pixel intensities for each segmented specimen. 
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Figure 23: Mean background pixel intensity distribution for the images from 

testing. 
 
 

The maximum number of images is based on the requirements from the 

computer science team and is a number that will probably get smaller.  In the 

development stages of the software, they would rather have too many images 

than not enough.  The maximum number comes from having eight positions in 

the x-direction and eleven positions in the y-direction to have 50% overlap, ten 

depths for each x and y position, and taking three images (2 with lights on and 

1 with lights off) for every depth.  Also it should be noted that the maximum 

number is rarely ever achieved since most of the Petri dish is empty space not 

occupied by specimens.  This is to prevent occluding which helps with imaging 
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and sorting.  The software knows when no specimens are in the image and 

will move to the next position without imaging or sorting.  Figure 24 shows the 

path and the amount of area covered during imaging.  The amount of area 

actually imaged of the Petri dish is 64%.   

 

 
Figure 24: Path of imaging for an entire Petri dish. 

 
 
4.2 Positioning System 
 
 
4.2.1 Testing 
 

Testing of the positioning system was accomplished by imaging a micro 

scale target with 25 µm increments.  Figure 25 shows an image that was used 
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for measuring accuracy.  To measure the accuracy, each linear stage was 

moved a certain distance away then returned.  Images were taken before and 

after the stage returned to its original position.  Using Photoshop the error was 

measured and averaged for several measurements.  Other tests were 

performed to measure the amount of movement for a single encoder count 

and time required to home the stages.  The software used to tune the PID 

controllers was also used to measure the maximum velocity. 

 

 
Figure 25: Image used for measuring the repeatability. 
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4.2.2 Testing Results 
 

The positioning system is an important part of making the system 

automated for imaging and sorting.  A list of the engineering and customer 

requirements for positioning are shown in Table 4.  It was required that the 

positioning system be accurate and quick.  Accuracy requirements were 

determined by soil mesofauna size.  The system needed to be able to 

accurately position a specimen as small as 0.1 mm.  This is smaller than the 

samples measured in Table 2 but could show up in other samples collected.  

As Table 4 shows the positioning system far exceeded all requirements for 

accurate positioning.  This makes the system capable of accepting future 

species that could be smaller.  Results pertaining to the quick positioning 

requirement were also satisfied with the system.  The system is capable of 

high throughput without sacrificing accuracy. 

 

Table 4: Positioning Customer Requirements. 
Customer 
Requirements Engineering Requirements Targets Design 
Accurate Positioning       
  Position accuracy (mm) <0.01 0.005 
  Position precision (mm) <0.01 0.002 
  Position range (mm) >60 70 
 One count movement (mm) <0.05 0.00004 
Quick Positioning       
  Maximum velocity (mm/s) >1 2.175 
  Time required for homing (min) <2 1-1.5 
  Velocity searching home (mm/s) >0.5 0.725 
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4.3 Sorting System 
 
 
4.3.1 Testing 
 

Testing was done to quantify the performance of the sorting system.  

The main requirement for the sorting system was that it needed to be able to 

successfully remove all of the 19 species with full automation.  A test was 

done to extract 80 specimens from the 19 species with full automation.  The 

80 specimens included both large (>1.45 mm) and small specimens.  Figure 

26 shows a small specimen being extracted from a Petri dish vertically.  Large 

specimens had to be extracted from the Petri dish at angle 45º.  Figure 27 

shows a sequence of images of a sample B specimen being extracted at 

angle 45º.  When the system is fully automated the sorting system is 

dependent on the segmentation software for information.  The segmentation 

software is able to provide the center of mass location, the end points (heads 

or tails), orientation in the image plane, and length.  This information is crucial 

for successful sorting. 
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Figure 26: Specimen being extracted from a Petri dish. 

 



 
 

50 

 
Figure 27: Sequence images of a sample B, Isotoma ad, specimen being 

extracted (from top left to top right to bottom left to bottom right). 
 
 
4.3.2 Testing Results 
 

Testing of the system with the system fully automated was successful.  

The test showed that of the 80 specimens to be extracted 93% were 

successfully extracted and of those extracted 83% correctly expelled into the 

well plate.  Table 5 shows the list of requirements and the design performance 

achieved.  Some requirements weren’t achieved like the range of angles for 

extraction.  There is a 31º section that isn’t attainable with the current system.  

During testing though this didn’t seem to be a huge factor when extracting 

specimens.  Specimens that were oriented in this section could still be 
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extracted from the nearest angle.  This showed that the extraction system was 

somewhat robust to system limits and poor information.   

 

Table 5: Sorting Customer Requirements. 
Customer 
Requirements Engineering Requirements Targets Design 
Automated Sorting       
  Species able to extract 19 19 
  Pipette inner diameter (mm) >1 1.45 

  
Range of pitch angles for 
extraction (degrees) 0-45 0-45 

  
Range of angles for extraction 
(degrees) 0-360 

0-165, 196-
360 

  
Time to extract a specimen and 
expel (sec.) <40 35 

  
Percentage of specimens 
correctly extracted >90% 93% 

  
Percentage of specimens 
correctly expelled >90% 83% 

 
 

Extraction results were good but testing showed that the system could 

be improved.  One of the reasons for incorrect extraction was due to poor 

segmentation.  If the segmentation of the image is poor than the information 

used for extracting will be poor as well.  The segmentation software is still 

being developed and is working on issues like transparencies in species.  

Transparencies cause the current segmentation software to split one 

specimen into two or more creating obvious problems for sorting.  Extraction 

could also be improved by further developing the controller for the end 

effector.   

The result from expelling specimens was somewhat disappointing.  The 

problem with expelling is that specimens during testing sometimes got 
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attached to the inner surface of the pipette while being expelled.  This is 

usually a consequence of the specimen being extracted into the pipette but on 

top of the meniscus layer insider.  A possible solution would be to extract 

some of the fluid into the pipette before sorting preventing the specimen from 

being on top of the meniscus. 
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5. Conclusions and Future Recommendations 
  

An automated system for imaging and sorting soil mesofauna was 

developed and presented in this paper.  The system was successful in 

capturing high quality images of multiple species of soil mesofauna.  The 

images will be used by identification software for classifying species of soil 

mesofauna.  Also, the system was capable of sorting 19 species of soil 

mesofauna presented in this paper after classification for validation.  The 

system still has room to be improved in both imaging and sorting.   

Improvements to the imaging system would be simple changes.  

Changes would include increasing the exposure time of 116 ms.  This would 

shift the mean specimen intensities to higher values and would increase the 

standard deviation of the intensities.  Another improvement that could improve 

imaging would be to add another exposure time between 116 ms and 1000 

ms.  This would increase the amount of images required and would slow down 

the system. 

Future improvements to the sorting system should be directed toward 

improving extracting and expelling specimens.  Simple improvements could 

improve the sorting system a lot in the short term.  By adding a process where 

the system extracts some glycol glycerin fluid before extracting a specimen 

could improve expelling.  The added fluid could prevent the specimen from 

floating on the meniscus layer inside the pipette.  Further development of the 

controls for the end effector could improve extraction by using specimen size 
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or length as an input variable for determining extraction power and time.  

Currently, the system uses a simple rule that if it is longer than the inner 

diameter of the pipette tip than it will extract at an angle with full power for 170 

ms and if it is smaller than it will extract it vertically with full power for 110 ms.  

Future controls could have more rules or create controls for each situation 

using specimen size to determine the extraction power and time.  In the long-

term future the addition of a video feedback system could also improve the 

sorting. 

This paper describes a system that is capable of automating the 

process of classifying and sorting soil mesofauna.  Finally this project shows 

that collaboration between engineers and other disciplines like entomology 

can be successful in solving real world problems.   
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