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This paper presents the development and evaluation of a robot for harvesting strawberries (Fragaria × ananassa)
grown on table-tops in polytunnels. The robot is comprised of a newly-designed gripper mounted on an industrial arm which in turn is mounted on a mobile base along with an RGB-D camera. The novel cable-driven
gripper can open fingers to “swallow” a target. Since it is designed to target the fruit not the stem, it just requires
the fruit location for picking. Moreover, equipped with internal sensors, the gripper can sense and correct for
positional errors, and is robust to the localisation errors introduced by the vision module. Another important
feature of the gripper is the internal container that is used to collect berries during picking. Since the manipulator does not need to go back and forth between each berry and a separate punnet, picking time is reduced
significantly. The vision system uses colour thresholding combined with screening of the object area and the
depth range to select ripe and reachable strawberries, which is fast for processing. These components are integrated into a complete system whose performance is analysed starting with the four main failure cases of the
vision system: undetected, duplicate detections, inaccurate localisation and segmentation failure. The integration enables the robot to harvest continuously by moving the platform with a joystick. Field experiments show
the average cycle time of continuous single strawberry picking is 7.5 s and 10.6 s when including all procedures.
Furthermore, the robot is able to pick isolated strawberries with a close-to-perfect success rate (96.8%).
However, in farm settings, the average picking success rate is 53.6%, and 59.0% when including “success with
damage”, testing on the strawberry cultivar of “FAVORI”. The failure cases are analysed and most failures are
found when picking strawberries in clusters, in which both the detection algorithm and the gripper struggles to
separate the berries.

1. Introduction
Strawberry (Fragaria × ananassa) is a high-value crop with a significant production cost, especially in labour. Labour represents the
largest cost and also a large operational uncertainty for strawberry
growers (Yamamoto et al., 2014). It was reported that the harvesting
operation takes up one quarter of all working hours in Japan
(Yamamoto et al., 2014). Harvest labour cost depends on the production method, type of strawberries and yield. In Norway, the harvesting
portion of the cost could be as high as 60% of the entire labour cost.
Therefore, automated fruit picking is desirable. However robotic
picking at a commercial level is very challenging: First of all, strawberries are easily damaged and bruised (Dimeas et al., 2015). Second,
strawberry harvesting requires highly selective procedures (Hayashi

et al., 2010), since the strawberries tend to ripen unevenly. As a result,
at a given time, berries exhibit large variations in colour and size. Finally, strawberries tend to grow in clusters, which makes it hard to
identify and pick individual strawberries (Yamamoto et al., 2014).
Several systems for autonomous harvesting have been developed
over the last decades. Chiu et al. (2013) presented a picking robot to
harvest tomatoes, which took 74.6 s to pick a target. Another tomato
harvesting robot equipped with a rotational gripper can pick a tomato
in 23.0 s at a success rate of about 62.2% (Yaguchi et al., 2016). The
main challenge is picking in clusters where the gripper might grasp
multiple tomatoes (Yaguchi et al., 2016). Similarly, a harvesting robot
was developed to harvest sweet peppers, which could harvest a target in
94 s with success rates of 6% when using a Fin Ray end effector and 2%
when using a Lip-type end effector in natural environment (Bac et al.,

An earlier version of the cable-driven gripper section in this paper was presented at the IEEE International Conference on Robotics and Automation (ICRA) 2018
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2017). The success rate increased to 26% and 33%, respectively when
testing in simplified environment (Bac et al., 2017). Also for pepper, a
robot named “Harvey” equipped with a suction-blade end-effector can
achieve a 42% success rate for unmodified crop with multi attempts,
and 58% for modified crop (Lehnert et al., 2017). The picking time is
about 35–40 s for each fruit and the most common detachment failure
was the cutting tool missing either side of the peduncle (Lehnert et al.,
2017). In addition to fruits, robots are also used for harvesting flowers.
Rath and Kawollek (2009) presented a system for the automated harvest of Gerbera jamesonii pedicels with a success rate of about 80%. For
strawberry, a harvesting robot was developed targeting at peduncle
detection, with 41.3% success rate when using a suction gripper and
34.9% when using a scissor-like cutter (Hayashi et al., 2010). The execution time for the successful harvest of a single fruit was 11.5 s
(Hayashi et al., 2010). Except for academia, start-up companies have
also developed some strawberry harvesting robots but none of these are
commercialized. This includes AGROBOT (Huelva, Spain) who uses 24
independent picking systems mounted on a mobile base to increase
efficiency, OCTINION (Leuven, Belgium) who designed a force-limit
soft gripper to avoid damage while grasping, and Harvest CROO
(Florida, USA) who designed a rotation apparatus that includes several
grippers for picking strawberries on the ground.
Strawberry harvesters generally consist of four subsystems: (i) vision for detection of strawberries, (ii) a gripper for picking the strawberries, (iii) an arm for moving the gripper to the berries, and finally
(iv) a platform to increase the work space of the robot and provide
mobility. In our previous work, a mobile robot platform was developed
that is capable of navigating autonomously in strawberry polytunnels
(Grimstad and From, 2017). We also presented an earlier version of a
novel cable-driven gripper with perception capabilities for strawberry
picking robots (Xiong et al., 2018). This paper presents the gripper and
vision system, as well as the integrated system for harvesting strawberries grown on table-tops in polytunnels. Table-top systems in polytunnels will generally reduce disease pressure and increase yield. In the
same way as these systems facilitate the work for human pickers, robotic strawberry harvesters can also benefit from this type of production. The end effector is a critical component in robotic systems as it
could simplify requirements from other subsystems (Eizicovits et al.,
2016) as well as enhance operation stability and efficiency substantially
(Chiu et al., 2013). There are a few different designs of end effectors for
strawberry picking, such as scissor-like cutters (Hayashi et al., 2010),
cutters with suction device (Hayashi et al., 2010), as well as force-limit
grasping grippers (Dimeas et al., 2015). As the individual strawberry
peduncle (picking point) is difficult to detect (Huang et al., 2017),
especially in a cluster where locating the correct stem is much harder
than find a strawberry body, the scissor-like end effectors thus require a
relatively advanced vision system to be developed. It is also easy to cut
more than one stem at the time and unintentionally pick green strawberries. Force controlled grippers are also hard to use as one would very
easily bruise fragile strawberries (Hayashi et al., 2010).
The main contributions of this paper are as follows: (a) the design
and development of a novel cable driven non-touch picking gripper that
has a high tolerance for positional errors and can reduce picking time
with a storage container (Xiong et al., 2018); (b) the tight integration of
all these subsystems into a complete and working system for strawberry
picking, which enables the robot to harvest continuously by moving the
mobile platform manually; (c) the evaluation of the vision and gripper
performance and the whole system in the farm, for example whether
failure occurs as a result of a single subsystem or due to the integration,
which is useful for further improvement of the system. The system is not
at a commercial level in terms of reliability yet, but it is believed that
the speed of the system is reaching a level where it is becoming suitable
for a commercial product.

Fig. 1. Hardware assembly in a strawberry farm: the robot mainly consists of a
RGB-D camera, a 5-DOF arm, a gripper and a mobile platform.

2. Materials and methods
2.1. System overview and experimental setting
The strawberry harvesting robot system is comprised of four subsystems: vision, arm, gripper and the mobile platform, as shown in
Fig. 1. An RGB-D camera (R200, Intel, USA) is mounted on the top
frame for front view strawberry detection. A serial arm with 5 degrees
of freedom (RV-2AJ, Mitsubishi, Japan) is mounted on our previously
developed Thorvald II platform (Grimstad and From, 2017). Finally, a
newly-designed cable-driven gripper with perception ability is used for
picking. The whole assembly of the robot is 145 cm long, 110 cm wide
and 170 cm high. Generally, if the horizontal distance (in y axis) from
the gripper to the centre of the platform ranges from 50 cm to 70 cm,
the height of the fruits (in z axis) that can be reached is around
120–150 cm with a width of about 35 cm (in x axis). All the field tests
reported in this paper were conducted at the Myhrene strawberry farm
(Drammen, Norway) on “FAVORI” cultivar at the end of the picking
season (early September). The farm is equipped with table-top strawberry growing system, with a table bed height of around 140 cm.
2.2. Robotic platform
Thorvald II is a modular robotic system designed to allow quick
assembly of custom robots for a wide range of agricultural environments (Grimstad and From, 2017). A small set of specialized modules
connect to simple frame members through standardized mechanical
and electrical interfaces, and robots can be assembled or re-configured
by into robots of different sizes and shapes. Different modules serve
different and specific purposes such as propulsion, steering, battery
placement, sensor placement, suspension, etc.
The mobile base used in the present work is a variation of the
Thorvald II agricultural robot. It is created almost solely of standard
Thorvald II modules and frame members, with the only exception being
one custom piece of sheet metal on which the robotic arm is mounted.
As polytunnels come in different designs and with ground surfaces
ranging from grass to rocks, the mobile robot is fitted with four-wheel
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Fig. 2. The cable-driven gripper: (a) perspective view of the gripper; (b) schematic of picking in simple cluster where a target has been swallowed and two
surrounded objects have been separated; (c) inside bottom view of the prototype; (d) 3D model of the cutter mechanism.

drive and four-wheel steering to ensure agility and traction in tough
conditions.
The mobile base is capable of navigating autonomously in strawberry polytunnels (Grimstad and From, 2017). However, in this work,
the platform has not been fully integrated as the scope here is more on
the picking system. It is controlled manually by a joystick along the
table-tops.

Fruit localisation is much easier than stem recognition (Yaguchi
et al., 2016), because ripe fruits have large size and red colour
(strawberry) that is clearly different from leaves. Therefore, the gripper
is designed to target the fruit and not the stem, which means it just
needs the fruit location for picking rather than stem location. Compared
to other strawberry picking robots that use stem as picking point
(Hayashi et al., 2010; Huang et al., 2017), this system becomes more
robust to positional errors of localisation and requires less vision localisation capacities. Also, strawberries are positioned in the 3D space.
When targeting a strawberry in the back, it is unclear how existing
scissor-like grippers avoid cutting the front branches and possibly green
strawberries. Therefore, the gripper is designed to pick from below and
thus only “swallow” the targeted strawberry, as shown in Fig. 2(b).
The picking mechanism, as shown in Fig. 2(a), consists of three
active fingers, three passive cover fingers and a cutter mechanism. The
six fingers can open simultaneously to form a closed ring to swallow a
strawberry from below. The designed maximum diameter of the gripper
open size is 60 mm. To protect the parts and motors, the open diameter
is set to 45 mm, which is enough to “swallow” normal strawberries
(average size is 30–40 mm). The initial design idea is that the gripper
open size is controlled based on the strawberry size to avoid swallowing
surrounding obstacles. However, estimation of fruit size is still a

2.3. Cable-driven gripper
2.3.1. Design
The main objectives and challenges of the gripper design are (i) to
not damage the target and surrounding berries, (ii) to separate strawberries that are in clusters, (iii) to achieve a high tolerance for positional error, and (iv) to achieve high picking speeds.
The proposed gripper is shown in Fig. 2. The overall size of the
gripper is 110 × 130 × 178 mm. It has four parts each with a unique
function: picking, transmission, sensing, and storing. The gripper is
designed so that its workspace is strictly Cartesian with no rotations
needed, so a 3-DOF Cartesian arm is sufficient to generate this motion.
In this project, the orientation of the 5-DOF arm is locked to keep the
gripper horizontal.
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Computers and Electronics in Agriculture 157 (2019) 392–402

Y. Xiong et al.

challenging vision problem especially for partially occluded strawberries. After swallowing the berry, the gripper uses fingers to push the
stem to the cutting area. The fingers also enable the gripper to separate
surrounding strawberries away from the target, as indicated in
Fig. 2(b). To move the fingers simultaneously, this gripper has three
active fingers and three passive fingers (cover fingers). Four small
tension springs are used to keep the cover fingers adhering to the active
fingers regardless of their rotation. After closing the fingers, the cutter
that comprises of two curved blades (Ideal Tek, Switzerland) rotates
quickly to cut the stem. The cutter is hidden inside of the fingers to
avoid damage to the target strawberry as well as the surrounding ones.
Simultaneous motion of the fingers can be achieved by gear transmission. However, this kind of transmission needs significant space
below the fingers which is undesirable. Furthermore, it would be too
complex to control the three fingers using only one motor. Therefore, a
cable-driven method is adopted for remote transmission which provides
more space under the fingers for picking and storing strawberries since
the motor can now be placed away from the joints. Extra flexible steel
cables (Ormiston, England) are selected so the direction can be changed
easily using normal bicycle cable housings and pulleys (Fig. 2(c)). To
reduce cost and complexity, only one servomechanism (MX-28T,
DYNAMIXEL, South Korea) with multiple rotation directions to control
both the fingers and cutter is used. The fingers open by driven cables
and close by torsion springs. As shown in Fig. 2(d), the cutter is
mounted on a pair of small gears. One active driving gear is pulled by a
cable so the cutter can close and the other passive driving gear, connects to a return tension spring, is used to open the cutter. As a consequence, at the central position, the servo turns clockwise to rotate the
cutter and counter-clockwise to open fingers.
Furthermore, the gripper employs three internal infrared (IR) sensors (TCRT5000, Vishay, USA) to identify the target location with respect to the gripper and then control the arm to move the gripper to the
optimal cutting position. This control is named gripper-level close-loop
control, since the gripper senses positional errors by itself without
passing through the vision system. Hence, different from high-level
closed-loop control system such as visual servoing, this control method
can increase processing speed. These distance sensors are also utilized
to avoid physical interaction with the berries during picking and verify
success or failure after picking.
Additionally, the gripper has an internal container, which enables it
to pick several strawberries continuously. Therefore, unlike most of the
previous fruit picking systems (Hayashi et al., 2010; Chiu et al., 2013;
Bac et al., 2017) that require a back-and-forth arm motion for every
single picking, the proposed gripper can potentially decrease execution
time significantly. The gripper approaches the plant and picks several
strawberries until the container is filled. Then, a trapdoor on the bottom
of the gripper is opened to dispense all the strawberries into a commercial punnet or another storing unit. For the current version of the
gripper, the container can store 7–12 strawberries, depending on the
size of the berries. After the stem has been cut, the berries fall on an
inclined dropping board to reduce the fall and the impact on the
strawberries due to the dropping distance. To further reduce the impact
on the berries, pieces of soft sponge are mounted inside the gripper to
prevent damage on impact. Except for the servos, sensors and transmission system, all the other parts of the gripper prototype were 3D
printed using polylactic acid (PLA) filaments (MP05780, MakerBot,
USA).

Fig. 3. Schematic of strawberry optimal cutting position control (see description of symbols in the text): a. front view sketch; b. section view sketch.

md1 = mdp1 sin( )
md2 = mdp2 sin( )
(1)

md3 = mdp3 sin( )
Also, the distance (l ) between IR centre and gripper centre is:

l=R

(2)

Scos( )

where S is the mounting position of IR centre to finger joint. Then, as
shown in Fig. 3(b), coordinates of detected points D1, D2 , D3 in Oxy can
be expressed as:

D1 (0, l md1 )
D2 ( cos( /6)(l md2 ), sin( /6)(l md2 ))
D3 (cos( /6)(l md3), sin( /6) l md3))

(3)

Based on the above three points, assuming strawberry section is a
strict circle, the centroid (Q ) and diameter (Dsec ) are obtained as:

a = 2(D2 (x )
b = 2(D2 (y )

D1 (x ))
D1 (y ))

c = D22 (x ) + D22 (y ) D12 (x )
d = 2(D3 (x ) D2 (x ))
e = 2(D3 (y ) D2 (y ))

D12 (y )

f = D32 (x ) + D32 (y )

D22 (y )

D22 (x )

offsety = Qy =

bf
bd
dc
bd

Dsec =

D1 (x )) 2 + (Q y

offsetx = Qx =

2

(Q x

(4)

ec
ea
af
ea

D1 (y )) 2

(5)

The distance data are collected every 50 ms, which is quick enough
for continuous measuring and closed-loop control. To set a desirable
constant position T (target x , target y ) not only the origin O as the cutting
position, the errors (errorx , errory ) can be defined as the distance from
the actual position Q to the target position T:

errorx = offsetx
errory = offsety

target x
target y

(6)

Then two parallel PID control loops are used for minimising errorx
and errory , respectively. An example of the output of the control can be
seen in Fig. 4(a). With initial error of 6.3 mm and threshold error of
0.1 mm, the relative stable settling time of PID control is around 3 s. In
a real scenario, this level of accuracy is not necessary as the gripper
itself has a high mechanical tolerance. Hence, 1.5 mm is used as an
error threshold, which reduces the average settling time to around 1 s.
In the farm environment, we have shown that arm moves the gripper
gently to place the strawberry sufficiently close to the target cutting
position (gripper central position), as shown in Fig. 4(b).

2.3.2. Optimal cutting position control
To achieve optimal cutting position control, it is essential to know
the position of strawberry with respect to the gripper. Fig. 3 shows
strawberry position inside the gripper for both front view and section
view. The IR sensors can measure the distances (defined as mdp ) from
the strawberry to the sensor itself. With a given finger rotation angle
( ) , the projection distance md can be described as:

2.4. Machine vision
The RGB-D camera is composed of an RGB colour sensor and two
infrared sensors for stereo sensing with the guidance of laser grid,
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Fig. 4. Optimal cutting position control results: (a). PID control test of strawberry position with respect to the gripper (using errorx as an example, errorx and errory are
controlled in parallel loops); (b). real environment test of optimal cutting position control: from i to iv, the arm moves gripper gently to place strawberry at a target
cutting position with respect to the gripper.

which is capable of detecting depth in an outdoor environment. The
vision component of the proposed system has two primary capabilities:

objects that are too far or too close to the robot. Finally, as shown in
Fig. 5(a), the ripe strawberries are detected with blue-white circles.
Some vision failure cases are:

Detection: where the goal is to identify individual strawberries in
each image.
Localisation: where the goal is to localize the detected strawberries
in the robot frame.

1) Undetected: This is mainly caused by occlusions. For example, in
Fig. 5(a), three yellow-circled ripe strawberries are partially occluded by several green stems and green berries, so their areas in
Fig. 5(b) are small and not detected. Particularly, the yellow-circled
strawberry on the top of Fig. 5(a) has been segmented into three
parts after thresholding due to the two crossing green stems. Then
the first eroding operation makes the two smaller segmented parts
disappear resulting a small area in Fig. 5(b).
2) Duplicate Detections: Again, because of occlusions, as shown in
Fig. 5(d), a ripe strawberry is split into two objects by the front
green stem (yellow circled).
3) Inaccurate Localisation: Occlusions might also bring localisation
error, as can be seen in Fig. 5(f), in which a front green berry results
in the detected centroid of the red berry on the left side (bottom
yellow circled). Also, occlusions might disturb depth sensing.
4) Segmentation Failure: Another frequently occurring failure is
touching objects that cannot be segmented. As shown in Fig. 5(e),
the yellow circles show two connected strawberries that could not

The camera module allows us to locate three-dimensional coordinates of the fruit in the camera frame. A calibration procedure has
been performed to obtain the extrinsic camera parameters enabling 3D
transformation between the camera and the arm frame.
Similar to other fruit picking research (Hayashi et al., 2010; Bac
et al., 2017), a simple colour thresholding algorithm based on the Red,
Green and Blue (RGB) channels is utilized in this system for detecting
strawberries. The method is fast for processing, which is necessary for a
real-time system. To remove noise pixels and fill holes, a morphological
opening-closing operation is implemented on Fig. 5(a) getting Fig. 5(b),
which is based on erosion and dilation of binary images, similar to
Xiong et al. (2017). Next, the areas and centroids of all objects are
calculated and small objects are removed based on an empirical value.
Then a depth filtering based on the depth image (Fig. 5(c)) removes the

Fig. 5. Strawberry detection, blue-white circles are detected objects, yellow circles show failure cases: (a). detected strawberries (blue-white circles) and undetected
(yellow circles), (b). binary image after processing of (a), undetected targets in (a) are also circled in yellow, (c). depth image of (a), (d). duplicate detections (yellow
circle), (e). two segmentation failure cases (circled in yellow), (f). inaccurate localisation (bottom yellow circle) and segmentation failure (top-left yellow circle). (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. System architecture: it shows system hardware modules, software nodes and their communication with true information.

be separated and thus are regarded as a single target.

3.2. Control strategy of the complete system

As for localisation, given the intrinsic matrix K of the camera and
the depth d Pi for the available pixels Pi = [u, v]T , the pixel 3D location
CP = [x , y , z ]T with respect to the camera coordinate frame C is cali
culated by
CP
i

= d Pi K 1Pi

Fig. 7 depicts the control algorithm of the entire system. The task
sequence starts with the vision system. First, the image acquisition node
grabs the RGB and depth images then passes them through the ROS
master to the strawberry detection and localisation node.

(7)

1) Strawberry Detection and Localisation: The strawberry centroids and
areas are calculated and only the targets that are located in the arm
reach region (workspace) and whose ripeness areas (obtained by red
colour thresholding) are large enough for picking are passed to the
next step. The locations of target strawberries are converted into the
arm frame afterwards by a coordinate conversion node.
2) Picking Sequence Planning: Once the motion sequence planning node
receives multi-berry locations, it sorts all of the strawberries from
low position to high. The reason why simple ascending order rather
than minimal-time order was used for picking multiple berries is
because the gripper is picking from below. If the robot picks a
higher-hanging strawberry first, then the lower strawberry location
might be affected by the arm during the first picking action.
3) Individual Picking: Next, the motion sequence planning node determines the trajectories for the manipulator arm for individual
picking.
4) Strawberry Dispensing: After all the target berries are picked, the
gripper dispenses collected strawberries into a punnet.
5) Moving Platform: Meanwhile, the platform is moving to a new image
area for continuous picking.

For each detected strawberry, 10 pixels (N = 10) around the centroid are used to estimate the location of the strawberry CS in the arm
frame, so CS is the mean over all CPi .
3. System integration and control
3.1. System architecture
The system architecture is illustrated in Fig. 6. The robot is fully
automated except for moving the mobile platform along the table-tops.
The platform was developed independently and moved by a joystick
according to the picking sequence. Hardware modules, camera, arm
and gripper controllers all communicate to the host PC via serial ports.
All of the software modules were written in either C++ or Python and
implemented in the Kinect distribution of the Robot Operating System
(ROS) installed on Ubuntu 16.04. Both gripper controller and IR sensor
controller were flashed with rosserial_arduino ROS package for robust
and convenient communication. In the software block, the five ROS
nodes below the ROS master are utilized for communication to the
hardware controllers, including data conversion, encoding and decoding. The upper four nodes are used for image processing, coordinate
conversion, task sequence planning and picking position closed-loop
controlling, respectively.

3.3. Individual picking control
In Fig. 7, the right hand side blue-dash block shows the flowchart of
397
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Fig. 7. System control: system control algorithm, left side is the whole system task sequence while the right side shows the individual picking steps.

Fig. 8(b), the gripper uses internal sensors to detect positional errors
and correct for them by controlling the arm using a simple PID controller. Detachment and verification: the strawberry is detached by the
cutter and the result is verified by gripper IR sensors (Fig. 8(c)). Then it
executes the same operations to pick the second target (Fig. 8(d)).
Moving platform: once the first image area finishes, the platform is
moved manually to the next image area for continuous picking
(Fig. 8(f)). Strawberry dispensing: finally, the picked strawberries that
have been collected in the container are released gently into a punnet
(Fig. 8(h)).

controlling individual strawberry picking. It can be divided into three
key steps:
1) Swallowing and Searching: The gripper is moved quickly to just underneath the target and then the arm raises the gripper vertically at
low speed to swallow the strawberry. The internal IR sensors then
verify the presence and position of the strawberry.
2) Correcting Positional Errors: Once the gripper detects the strawberry,
it calculates the target location with respect to the gripper. During
this procedure, if no strawberry is detected, the arm changes its
position around the target (15 mm offset to the vision localized
position) for a wider range search for up to 5 times. After that, the
gripper returns the target location to the system and it uses PID
control to move the arm until the target is at the optimal cutting
position. The closed-loop control at the gripper-level avoids processing in the vision system, which is meaningful for high speed
control.
3) Detachment and Verification: Finally, the cutter is actuated to detach
the strawberry. The cutting result is verified by the IR sensors. If the
attempt is unsuccessful, the cutter will continue cutting for up to 5
times.

4. Results and discussions
To assess the performance of the robot, several sets of experiments
were designed to evaluate both the individual subsystems and the entire
system, including detection performance, gripper performance, system
localisation accuracy and repeatability, picking execution time, picking
success rate, and failure modes.
4.1. Detection performance
First, the detection performance of the vision system was evaluated
based on a 100 image dataset by using precision-recall curves. The ripe
strawberries were manually labelled with bounding boxes, which are
used as ground truth, as the blue box shown in Fig. 9(a). Similar to
Habaragamuwa et al. (2018), the correct and incorrect detection of ripe
strawberries are defined as True Positive (TP) and False Positive (FP),
respectively. Since the gripper manipulation is based on the object
centroids, the correct detection here means the detected centroid of a
target is within a pre-defined region. As shown in Fig. 9(a), the pre-

3.4. Harvesting sequence in action
Fig. 8 demonstrates the task sequence and control strategy in the
field test. First, two strawberries that are located in the arm reach region are detected and selected. Then, swallowing and searching: as
shown in Fig. 8(a), the arm moves quickly to the bottom of the first
strawberry and lifts the gripper up slowly to search the target and
swallows it when found. Correcting positional errors: next, as shown in
398
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Fig. 8. Harvesting procedures of continuous strawberry picking with manually controlled mobile platform in field test: (a) swallowing and searching; (b) correcting
positional errors; (c) detachment and verification; (d) picking the second one; (e) detachment and verification; (f) moving platform to the next image area; (g) picking
a target in the new image area; (h) strawberry dispensing.

defined regions (blue, green and orange boxes) are located in the central of the manually labelled bounding box. The area of the pre-defined
region over the ground truth area (blue box) is expressed as the precision level of TP. In this test, three precision levels of TP are used, 1.0
(blue box), 0.5 (green box) and 0.25 (orange box), respectively. If duplicate detections occur on one ripe strawberry, only one of them is
marked as TP and the others are regarded as FPs. For segmentation
failure case, at most one is recorded as TP if one of the detected centroids is inside of the above mentioned pre-defined region, and the
others are regarded as normal undetected cases that are classified as
False Negative (FN). Then, precision is obtained by using TP dividing
the sum of TP and FP, while recall is defined as TP over the sum of TP
and FN. By varying RGB threshold range, the precision-recall curves of
the detection system are obtained and shown in Fig. 9(b). As can be
seen, if the precision level of TP is 0.25 (orange curve), the precision
and recall can reach about 0.72 at the same time with appropriate
thresholds. The performance of different varieties and environments
may vary, since detection of clusters are more difficult than isolated
strawberries.

4.2. Gripper performance
The second test was conducted in simplified environment in order to
identify the optimal blade cutting position. Also, the picking success
rate for isolated strawberries was obtained. During the test, the target
cutting position T was changed along the perpendicular bisector of the
cutter finger (the dashed line md3 in Fig. 3(b)). The stem diameters of
the strawberries in the test varied from 1.7 mm to 2.5 mm. The result is
illustrated in Table 1. The optimal cutting position is the central of the
gripper, which is the middle position of the cutter. In this case, the
success rate for picking isolated strawberries with a single attempt is
96.8% at the optimal position (previous strawberry picking research is
around 70% (Hayashi et al., 2010)).
4.3. Absolute accuracy and repeatability of system localisation
The third test is to determine the localisation accuracy of the whole
system, which indicates the positional error of the end effector central
point where the arm reaches with respect to the target's actual location.

Fig. 9. Detection performance evaluation: (a) diagram of precision level of TP, where the blue box (ground truth), green box and orange box represent precision of
1.0, 0.5 and 0.25 with respect to the ground truth; (b) the precision-recall curves of detection system with different precision levels of TP. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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The absolute accuracy might be lower in the farm due to the complex environment. In the farm, the actual positions of target strawberries are hard to measure. Similar to sweet pepper harvesting robot research (Bac et al., 2017), the distance between the fruit surface centre
and the pointer tip that attached to the gripper was measured as absolute error, as shown in Fig. 11(a). The test result is presented in
Fig. 11(b). The big errors mainly occur on partially hidden strawberries,
since the front plants disturb the depth sensing. The average error is
13.3 mm, with a standard deviation of 7.0 mm, which is higher than in
indoor the environment.

Table 1
Picking isolated strawberries success rate with single attempt at different cutting position.
Cutting position T to
gripper origin O [mm]

Success

Failure

Success rate [%]

−2
0
2
5
8
10

17
30
28
13
15
9

2
1
2
1
1
2

89.5
96.8
93.3
92.9
93.8
81.8

4.4. Execution time
As a whole system, the localisation accuracy mainly consists of vision
detection and localisation accuracy, calibration accuracy and arm accuracy. However, accurate measuring the positional error is difficult
and may need expensive equipment. In this system, the industrial arm
has high repetition precision of ± 0.02 mm, so the arm was used to
measure the target actual location in the arm frame. As shown in
Fig. 10(a), a pointer with a sharp tip was mounted on the arm and it
was moved manually to the target centre point. Then the tip position of
the pointer in the arm frame (Pref) was obtained from the arm controller
after geometry conversion. After finding the actual locations, these
targets were detected and localized by the vision system and converted
from their central locations into the arm frame obtaining (Pest). This
estimation procedure was repeated 18 times. Using this method, the
arm does not need to reach the targets after vision detection, and at the
same time the arm accuracy is excluded in the measurement.
In industry, evaluation of robot arm accuracy comprises two criteria: absolute positioning accuracy (As) and positioning repeatability
(defined as precision Ps, which describes the deviation of all Pest points)
according to the ISO 9283 standard (Stephan et al., 2009). Similarly,
these two indicators are used for assessing the whole system accuracy
but excluding the arm in this paper. As is the Euclidean distance between the point P̄est and Pref, where P̄est is the centre point of all measured points Pest. Ps can be expressed as

Ps = l¯ + 3

li

The execution time is illustrated in Table 2, which was found based
on the successful tests in the farm. The average cycle time of continuous
single strawberry picking is 7.5 s (excluding initial vision detection, first
and final arm travelling and placing strawberries), while including all
procedures, the average time is 10.6 s for picking one strawberry. As a
consequence, the perception and storage ability of the gripper enables
the robot to avoid slow control in the whole system level such as visual
servoing and also reduced travel time for each strawberry. As a result,
the picking execution is faster than the previous results reported on
strawberry picking of 11.5 s (Hayashi et al., 2010), cucumber harvesting of 37.8 s (Van Henten et al., 2003), sweet pepper picking of 94 s
(Bac et al., 2017) and 35.0–40.0 s (Lehnert et al., 2017), as well as
tomato picking of 23.0 s (Yaguchi et al., 2016) and 74.6 s (Chiu et al.,
2013). The average picking time for each strawberry will decrease
substantially if the number of strawberries collected in the container
increases. It is still much slower than a human picker (about 3.5–5.0 s
(Hayashi et al., 2010)}, but multiple manipulators can be employed to
increase efficiency.
4.5. Success rate, failure cases and lessons learned
The success rate is an essential indicator for evaluating a harvesting
machine and the failure reasons are useful for further improvements.
Generally, isolated strawberries are much easier for both localisation
and picking. Table 1 shows the success rate for picking isolated
strawberries with a single attempt is 96.8%. However, in a natural
environment, especially for dense clusters, the system still has substantial challenges. Table 3 shows picking test results. All results were
recorded with only a single attempt. “Success” means the picking was
successful without damage to the strawberry based on observation,
while “success with damage” indicates the detachment of the target was
successful but it also picked or damaged surrounding objects or slightly
bruised the target strawberry. “Failure attempts” describes all attempts
that are not included in the above two classes and also undetected ripe
berries. One “failure attempt” may have two or more failure reasons.
Overall, with 112 picking trials, the success rate with single attempt is

(8)

where l¯ denotes the mean of distance li from measured points Pest to P̄est ,
while li is the standard deviation of li . The 3D plot of all measured and
reference points is shown in Fig. 10(c). Fig. 10(b) illustrates the calculation results for the 9 reference points. The mean of absolute accuracy Ās is 9.8 mm and the mean of repetition precision P̄s is 4.6 mm.
Since the frame transformation matrix is constant, the repetition error is
mainly caused by the vision system. Furthermore, the measured points
in Fig. 10(c) are almost in a line around the reference point. Based on
observation, the line direction is close to the camera projection direction, which means the uncertainty is mainly from the IR depth sensor of
the camera.

Fig. 10. System localisation accuracy and precision test in the indoor environment: (a) a pointer was mounted on the arm to get the circles' positions in the arm
frame; (b) test results of absolute accuracy and repetition precision; (c) 3D plot of all measured and reference points.
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Fig. 11. System absolute localisation accuracy test in the farm: (a) the fruit surface centre to the pointer tip was regarded as absolute error; (b) test result of absolute
accuracy.

The failure mainly happens in clusters where both detection and
picking struggles to separate strawberries, which is labelled case (a) in
Table 3. In clusters, segmentation of touching strawberries is extremely
hard for the vision system and could also result in duplicate detections
and undetected cases (e). Multi-view in the vision system might solve
this case (e). Most importantly, the gripper opening mouth is easily
covered or blocked by surrounding branches, leaves and strawberries in
clusters.
Another problem (case (b)) caused by the vision system occurs when
the localisation error is too big for the gripper to swallow the strawberry. This includes inaccurate localisation and segmentation failure
cases as described in the machine vision section. In the segmentation
failure case, the detected target might be in the centre of two or more
targets, so it might result in an unsuccessful swallowing attempt.
Problems (c) and (d) are also noticeable. The employed industrial arm
has a small workspace. For future work, it is possible to use a low-cost
3-axis Cartesian arm for this application. Case (d) happens when there
are some strawberries below the target or within the gripper searching
area, so the gripper detects the disturbing strawberries and regards
them as the targets, or when the arm touches the lower-hanging plants
and affects the target locations. Therefore, the vision system also needs
to detect green strawberries or even the whole plants to avoid occlusions or confusions.
To address these problems, on the one hand, more advanced perception system, manipulation algorithm and gripper hardware need to
be developed or improved. For example, 3D point-cloud image processing and deep learning might get significant results for object segmentation, localisation and fruit size estimation. Advanced path planning of gripper picking could control the gripper to avoid or even push
the surrounding obstacles for cluster picking. On the other hand, horticulture of strawberry growing method may also be adjusted to leave
the berries more isolated in the first place.

Table 2
Execution time test result.
Test No.

Number of picked
strawberries

Single picking
execution time [s]

Single picking execution
time including all
procedures [s]

1
2
3
4
5
6
Average

4
2
2
3
2
1
2.3

8.0
5.6
7.9
7.7
7.7
7.5
7.5

10.5
7.7
11.1
9.9
12.6
14.5
10.6

Table 3
Performance test result of picking robot in unchanged natural environment.
Success

No.
Rate [%]

60
53.6

Success
with
damage

Failure
attempts

Failure reasons
a

b

c

d

e

f

6
5.4

46
41.1

15
30.6

9
18.4

9
18.4

9
18.4

3
6.1

4
8.2

Failure reasons list:
a. Gripper separation failure + duplicate detections + segmentation failure
(vision): in clusters, gripper “mouth” was covered or blocked by other branches,
leaves and strawberries, and/or duplicate detections and segmentation failure
in vision subsystem.
b. Inaccurate localisation + segmentation failure: localisation error is too big,
so the gripper could not “swallow” the target, mainly happened on partially
hidden targets and one of the unsegmented targets.
c. Arm reach region: arm working space is limited, so the gripper could not
reach targets.
d. Gripper was disturbed: gripper swallowed below or surrounded green
strawberries and regarded them as targets when lifting.
e. Undetected: did not detect ripe strawberries because of front occlusions.
f. Communication failure: arm or gripper communication failed.

5. Conclusions
An autonomous strawberry-harvesting robot has been developed.
The robot hardware comprises an RGB-D camera, an industrial arm, a
gripper and a mobile platform. The gripper is robust to positional errors
due to its fruit-oriented design and internal sensing capacities and
abilities of picking several strawberries continuously using an internal
container. The vision subsystem employs a simple colour thresholding
method for fast-speed strawberry detection. System integration enables
the robot to harvest continuously by moving the mobile platform
manually. Performance test shows that the average cycle time of continuous single strawberry picking is 7.5 s for the picking operation only,
and 10.6 s when including all procedures, which is faster than other
reported picking research. Gripper-level control to correct positional
errors and collecting strawberries while picking are the main reasons

53.6%, and 59.0% when including “success with damage”. The success
rate is higher than the previous strawberry picking research of 41.3%
with suction picking gripper and 34.9% with no-suction picking
(Hayashi et al., 2010), and also sweet pepper picking of 6.0% with a Fin
Ray end-effector in natural environment (Bac et al., 2017), another
sweet pepper research of 42.0% with multi-attempt for unmodified
crops (Lehnert et al., 2017), but lower than tomato picking 62.2%
(Yaguchi et al., 2016) and apple picking 84.0% (Silwal et al., 2017).
Generally, harvest rate is incomparable for different crops or even for
the same crops but different varieties or environment, since picking
large-size, top and separated fruits are easier than small, soft and
clustered fruits.
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for achieving high speed. In addition, experiments demonstrate that the
robot is able to pick isolated strawberries with a close-to-perfect success
rate (96.8%). However, in the field, the success rate drops considerably
due to the occlusion or other failure cases. In the natural situation, the
average picking success rate for a single attempt is 53.6% without
causing damage to the berries, and 59.0% when including “success with
damage”. The main challenge is picking clusters of strawberries, where
both the detection and the gripper struggles to separate the strawberries.
For future work, the plan is to address clusters of strawberries, and
in particular look into how more advanced visual algorithms can be
implemented to merge the detection from multiple frames so that occluded strawberries can be visible from a different view. The work in
Roy et al. (2018) reports a viable approach for apples which may be
used as a starting point.
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