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ABSTRACT 
 
A design tool is being developed to evaluate the fruit picking efficiency and speed of 
pear harvesting or harvest-aiding mechanized system designs. Such a tool can 
enhance and accelerate the design of novel harvesting equipment.  The main objectives 
of this year’s project were to: a) digitize pear trees; b) record fruit locations from these 
trees with increased precision; c) investigate fruit picking efficiency and cycles of 
existing robotic arms. Picking efficiency and speed depend on the spatial distribution of 
fruits in the canopy, and on tree branch architecture. In this project the geometries of 
ten high-density Bartlett pear trees were digitized using a novel high precision, large 
volume digitizer developed specifically for this project. The fruit positions of twenty trees 
were also measured using the same digitizer. A design tool was developed in Matlab 
and the fruit positions were used to evaluate the fruit picking efficiencies and picking 
cycles of two different industrial robot arms on a mobile platform. Since the project 
started in April 2014, this report presents results in the first nine months. More trees will 
be digitized in winter 2015 and analysis that incorporates branches will be performed by 
June 2015. 

DIGITIZATION OF TREES 

Materials	  and	  Methods	  
 
A novel system was developed, which utilizes electromagnetic field for data acquisition. 
The equipment we used was the Polhemus PowerTRAK 360TM digitizer with a G4 RF 
module, a Hub and a Source as shown in Fig.1. 
 



  
Figure 1: G4 system overview 
 
The electromagnetic receiver present in the ‘Sensor’ tracks the position on the three 
axes of the source by detecting the magnetic dipole fields produced by the ‘Source’. 
Due to the symmetry of the magnetic fields the sensor computes two possible positions 
that are equal and opposite of each other. To determine the actual position of the 
sensor, the startup hemisphere is to be specified at the start of tracking. A special 
enclosure and a stylus were designed and built at UC Davis to accommodate precise 
positioning and measurement of points on the surface of the trees. The design is shown 
in Fig.2. 
 

 
Figure 2: Digitization sensor PowerTRAK 360 with enclosure and stylus 
 
The precision and accuracy of the devices were calculated via experimentation and 
estimated that the sensor had a precision and accuracy of better than 1cm when the 
tracking volume was about 5ft x 5ft x 5ft from the source.  
 
From our experiments we conducted for recording the fruit locations in the tree canopy 
we found that the maximum volume of an individual tree is 5ft x 5ft x 10ft. As each 
source is confined to a coverage volume of 5ft x 5ft x 5ft these sources should be 
placed one top of the other to cover the entire volume of an individual tree. To achieve 
this we built a frame as shown in Fig. 3. We bought 2 sources to speed up the 
digitization process using which we increased the motion tracking volume to 5ft x 5ft x 
10ft at any given instant to cover the entire volume of a tree. Since the sensor used for 
data collection is based on the interaction of magnetic fields created by the G4 source 
and the field created by the Power Track 360TM the workspace should be free of metal 



to ensure the tracked volume has no interference. So, the frame that was built was 
made of wood and plastic to mitigate the error in the collected data.  
 

 
Figure 3: Digitization Frame 
 
The digitization process follows the following procedure for data acquisition. Each tree 
architecture is defined by its trunk, number of main branches, sub-branches and sub-
sub-branches, and so on. Each of these branches is divided further into segments. Data 
points were collected on both the ends for each of the segment and the process is 
repeated for all the segments. After the entire tree was digitized, cones were fitted to 
these segments to reconstruct the tree. An example of a digitized tree is shown in Fig.4. 
 

   
Figure 4: Digitized Tree 



Results 
	  
In the winter of 2014, the digitization process of high-density trellised Bartlett trees was 
carried out at Ruddick Ranch in Ukiah; the trees were 9 years old. Data were collected 
from 10 trees in a row. The topological information for these 10 trees is given in Table 1. 
Figure 5 shows the ten trees in the row. 
 
Table 1: Tree topological information for all the 10 trees digitized 

 
 

 
Figure 5: Digitized Trees 

MEASUREMENT	  OF	  FRUIT	  LOCATIONS	  
 
The same system was used to collect fruit location data from 20 high-density pear trees 
located in Ruddick ranch at Ukiah. The 20 trees are shown in Fig.6. 

Tree	  No Trunk Main	  Branch Sub	  Branch S_S_Branch S_S_S_Branch S_S_S_S_Branch Total	  

1 1 3 40 45 17 1 107
2 1 3 40 24 2 0 70
3 1 0 24 41 14 0 80
4 1 2 36 21 1 0 61
5 1 2 41 45 3 0 92
6 1 3 45 24 2 0 75
7 1 2 30 20 0 0 53
8 1 2 41 26 2 0 72
9 1 2 26 27 0 0 56
10 1 2 31 46 4 0 84

High	  Density	  Pear



 
Figure 6. Data collected at Ruddick Ranch from twenty pear trees inside the yellow rectangle. 
 
A map of the fruit locations in 3D is shown in Fig. 7. The location accuracy and precision 
are better than 0.5’’ (~1 cm). 
 

 
Figure 7. Fruit locations in the canopies of twenty trees in a row. 
 



The yield of each tree can be seen in Fig.8. The mean and standard deviation is 176.7 
and 46.5 fruits respectively. 
 

 
 
Figure 8: Number of fruits (yield) per tree. 
 
The height distribution of the pears for the twenty trees in the row is shown in the 
normalized histogram in Error! Reference source not found.9. The mean value of this 
height is E(h) = 4.8 ft and the standard deviation, σ = 1.7 ft. 

 
Figure 9: Fruit height normalized histogram. 



 
The corresponding cumulative height histogram is given in Fig. 10. It can be seen that 
these 9-year-old trees bear fruit from near the ground to their tops. It is clear that 30% of 
the fruit is above 6ft, i.e., the average picker on the ground cannot reach it. 

 
 Figure 10: Cumulative fruit height histogram.  
 
The normalized histogram of the fruit distances from the trellis plane along the row is 
shown in Fig. 11. The mean value of this distance is E(d) = 1.4 ft, and the standard 
deviation, σ = 0.9 ft.  



 
Figure 11. Normalized histogram of fruit horizontal minimum distance from the trellis plane along the row. 
 
The normalized histogram of the fruit distances from the trellis plane into the canopy is 
shown in Fig. 12. The mean value of this distance is E(d) = 0.8 ft, and the standard 
deviation, σ = 0.6 ft.  

 
Figure 12. Normalized histogram of fruit horizontal minimum distance into the canopy from trellis plane. 



 
Fig. 13 shows the 2D distribution of fruits as a function of distance from the trellis plane 
into the canopy (horizontal axis) and height (vertical axis). Fig. 14 shows the 2D 
distribution of fruits as a function of distance from the trunk axis along the trellis plane 
(horizontal axis) and height (vertical axis). 
 

 
Figure 13: 2D distribution of fruits as a function of distance from the trellis plane into the canopy 
(horizontal axis) and height (vertical axis). 
 



 
Figure 14: 2D distribution of fruits as a function of distance from the trunk axis along the trellis plane 
(horizontal axis) and height (vertical axis). 
 
The fruits and branches of the same tree from different viewpoints are shown in Fig. 15. 
 



    
       (a)                                                                   (b) 

 
               (c)                                                                   (d) 
 
Figure 15: (a). Top view; (b). Front view; (c). Side view and (d). 3D view of the digitized tree and its fruits 
 
The fruits and branches for all the 10 trees are shown in Fig. 16. 



 
Figure 16: 1 Fruit locations and branching patterns for ten trees in a row. 
 
 

ROBOTIC FRUIT HARVESTING 
	  
This year we implemented virtual harvesting of pear fruits without branches in a 
simulation platform using robotic manipulators. The fruit picking process was carried out 
to estimate the cycle times for the manipulators along with their throughput efficiency. 
Two different manipulators (Puma 560, ABB S4 2.8 robots; Fig. 17) mounted on a 
mobile platform were used to estimate the fruit picking efficiency. The kinematic models 
of these robots were used to assess the fruit picking efficiency. The dynamics of the 
manipulators were introduced into the simulation platform along with the kinematics to 
assess the fruit picking cycle times. These simulations used the georeferenced fruit 
locations data for twenty-eight high-density pear trees obtained last summer from 
commercial orchards. The manipulators used in this simulation were found to have 
100% throughput efficiency however their cycle times were different. The Puma 560 is 
faster because of smaller mass and increased motor torques, which make the Puma 
joints faster than those of the ABB S4 2.8 robot. From the initial results it was clear that 
40-65% of the time would be consumed in transporting the fruits to the bin on the 
platform.  
   
 
 
 



 
 

Figure 17: Puma 560 (left) and ABB s4 2.8 (right). 
                                                                       

Robotic	  Manipulator	  Modeling	  
 
The task of fruit picking in a three dimensional space requires the robot to have at least 
six degrees of freedom (DOF). Three DOF are required for positioning the robot and the 
remaining three DOF for orienting the end effector to grasp the fruit. Sivaraman and 
Burks (2006), showed that the basic six DOF configuration with a roll-pitch-roll wrist will 
suffice the need to successfully grasp the fruit in an obstacle free environment. In this 
research we used two robots that meet the above mentioned design constraints to 
simulate the fruit picking process.    
 
The first robot arm is the Puma 560, and the second one is the ABB S4 2.8 robot with 
its wrist modified to a spherical wrist. The velocity and acceleration limits for the robots 
and the platform are given in Table 2 (Chettibi et al., 2004 and ABB Robotics). The 
robots used in this simulation have all revolute joints (RRRRRR). The Denavit-
Hartenberg parameters for both the robots are given in the Table 3. Using those 
parameters, Matlab and the robotic toolbox (Corke, 2011), we have modeled the robots 
as shown in Fig. 18. It is clear from the figures that the reachabiltiy of the S4 ABB 2.8 
robot is greater than the Puma 560. However, it is slower because the joint acceleration 
and velocities of the Puma 560 are higher than those of the S4 ABB 2.8 robot. 
 
To increase the reachability of the robotic manipulators to grasp fruit, we mounted them 
on a platform that translates with respect to the X-Y-Z axis of the world. The velocity 
and acceleration limits for the robot arms and the platform are given in Table 2. 
 
 
 
 
 
 
 
 
 
 



 
Table 2. Velocity and acceleration limits for the platform and the robots.  
Platform 

Directio
n 

Velocit
y 

Acceleratio
n 

X 1 m/s 1.5 m/s^2 
Y 1 m/s 1.5 m/s^2 
Z 1 m/s 1.5 m/s^2 

 

Puma Robot  
Join
t 

Velocit
y 

Acceleratio
n 

1  8 rad/s 10 rad/s^2 
2 10 

rad/s 
12 rad/s^2 

3 10 
rad/s 

12 rad/s^2 

4  5 rad/s  8 rad/s^2 
5  5 rad/s  8 rad/s^2 
6  5 rad/s  8 rad/s^2 

 

ABB S4 2.8 Robot modified with 
spherical wrist 

Join
t 

Velocit
y 

Acceleratio
n 

1  1.9 
rad/s 

2.5 rad/s^2 

2 1.7 
rad/s 

2.5 rad/s^2 

3 1.7 
rad/s 

2.5 rad/s^2 

4  3.6 
rad/s 

2.5 rad/s^2 

5  3.6 
rad/s 

2.5 rad/s^2 

6  3.6 
rad/s 

2.5 rad/s^2 
 

 
Table 3. Denavit-Hartenberg parameters for the Puma 560 and S4 ABB 2.8 robots  

S4 ABB 2.8 modified wrist Puma 560 
Joint Theta d A alpha Joint Theta d a Alpha 
1 q1 0.9 0.188 -1.571 1 q1 0 0 1.571 
2 q2 0 0.95 0 2 q2 0 0.4318 0 
3 q3 0 0.225 -1.571 3 q3 0.15 0.0203 -1.571 
4 q4 0 0 1.571 4 q4 0.4318 0 1.571 
5 q5 0 0 -1.571 5 q5 0 0 -1.571 
6 q6 0 0 -1.571 6 q6 0 0 0 

 

 
Figure 18: Simulated models of S4 ABB 2.8 (left), Puma 560 robots (right) 
 



 
Figure 19: High density Pear trees 
 

Robotic	  High-‐Density	  Pear	  Harvesting	  Task	  Description	  
 
The virtual harvesting of the high-density pear fruits using a robotic arm involves two 
steps. The first step is to model mounting the robotic arm on a mobile platform/vehicle. 
The second step is to divide the tree canopy into two harvesting sections on the two 
sides of the trellis plane; this essentially dictates that the trees are harvested from the 
two orchard rows to their left and right. The first side of the tree is harvested in the 
ongoing path of the vehicle and the second side is harvested in its return path. The 
harvesting process will be described below in detail. For the given canopy structure of 
the high-density pear trees, the workspace for the fruit harvest has a volume of 3m x 
1.8m x 2.7m. However, in the particular orchard the solid branches that can interfere 
with the vehicle and the robotic arm motion extended about 0.65 m from the center of 
the canopy. This implies that the vehicle cannot move inside the volume of 3 m x 1.3 m 
x 2.7 m along the Y-direction. The arm is extended out to reach the fruit in this volume. 
 
The fruit picking cycle is estimated as follows: 1) the harvester starts at the beginning of 
a tree row (x coordinate set to zero); the fruits are sorted by increasing x-coordinate; 2) 
the fruit closest (in Euclidean sense) to the current position of the harvester is selected; 
3) the inverse kinematics of the harvesting system is computed for the location of this 
fruit; 4) a trajectory that brings the robot arm end-effector to the fruit location is 
generated; 5) the motion of the vehicle-arm harvester is computed (step b of the cycle); 
6) a point on the vehicle serves as a virtual fruit bin, i.e. a target for the picked fruit and 
inverse-kinematics and trajectory generation are performed for this point; 7) the fruit 
transport motion is simulated (step d of the cycle); 8) the next closest fruit is selected 
until all reachable fruits are ‘collected’. The closest-fruit heuristic uses the tactics of 
human pickers who pick fruits in clusters and tend to advance from one cluster to the 
other. After the simulation is finished the summation of the durations of all steps (b), (d) 



divided by the number of reached fruits is used as an estimate of the harvester cycle 
time, i.e. the time required to harvest one fruit.  
 
The harvesting process is initiated by placing the vehicle at the start of the row along 
the X-direction and at the closest fruit position to the vehicle in Y-direction. The platform 
moves in the Z-direction in steps of 0.5 m from the base until it picks the tallest fruit at 
that position. The platform is then moved forward in X-direction in steps of 0.5 m and 
the process of picking fruit is continued until the end of the row. Once the end of the row 
is reached the platform moves close to the canopy i.e. in Y-direction such that it is 0.65 
m from the center of the canopy and then the picking process is continued in X and Z 
directions. This completes the picking process on one side of the tree. The same 
process is repeated on the second side of the tree until all the reachable fruits were 
picked by the manipulator. The fruit harvesting process is shown in the following 
flowchart. 
  

 
Figure 20: Fruit harvesting flow chart. 
 
 

Results	  and	  Discussion	  
	  
The fruit picking process for the high density pear fruits were simulated to estimate the 
cycle times using the two robots puma 560 and ABB S4 2.8 robot and are shown in the 
table. Both the robots when mounted on the vehicle were successful in picking 100% of 
the fruits on each single tree. However the cycle times differed because of their design 
constraints. To successfully grab a fruit, we need to position the mobile platform and the 
robotic arm. The cycle time for positioning has two components: the time required to 
align the vehicle and to orient the robot arm. The time taken for these two tasks along 



with the time taken to reach, pick and place the fruit in a basket are given in the table 4 
under the columns ‘Average picking time for the vehicle and the robot arm to pick and 
place in a bin (T1), Average picking time of the robotic arm to pick and place in a bin 
(T2), Average picking time for the vehicle and the robot arm only to pick the fruit (T3).  
From simulations we noticed that 40% to 65% of the total time is consumed for 
transporting the fruit to the bin depending on the fruit position. The rest of the time is to 
align the vehicle, the robotic arm, and to pick the fruit. The vehicle used in both 
simulations was the same. It is clear from Table 4 that the Puma 560 robot has a clear 
edge over ABB S4 2.8 robot in terms of harvester cycle time for each individual tree.  
 
Table 4. Performance chart for both the robots mounted on vehicle. 

Tree 
No 

Number 
of Fruits  

For both the manipulators Puma 560 ABB S4 2.8 robot modified with a 
spherical wrist 

  Reachable 
fruits by the 
manipulator 

Percentage 
of fruits 
picked 

T1 
(seconds) 

T2 
(seconds) 

T3 
(seconds) 

T3 
(seconds) 

T1 
(seconds) 

T2 
(seconds) 

1 105 105 100% 3.5 s 2.1 s 2.1 s 2.6 s 5.7 s 4.2 s 
2 136 136 100% 2.9 s 2.6 s 1.2 s 1.5 s 4.4 s 4.1 s 
3 117 117 100% 2.7 s 2.3 s 1.2 s 1.6 s 4.6 s 4.2 s 
4 131 131 100% 2.6 s 2.2 s 1 s 1.5 s 4.6 s 4.2 s 
5 147 147 100% 2.8 s 2.5 s 1.1 s 1.4 s 4.4 s 4.1 s 
6 166 166 100% 2.6 s 2.4 s 0.9 s 1.2 s 4.3 s 4.1 s 
7 141 141 100% 2.5 s 2.3 s 1 s 1.5 s 4.4 s 4.1 s 
8 134 134 100% 3.1 s 2.8 s 1 s 1.7 s 4.6 s 4.2 s 
9 102 102 100% 2.8 s 2.3 s 1.1 s 1.9 s 4.7 s 4.2 s 
10 129 129 100% 3.0 s 2.6 s 1 s 1.6 s 4.5 s 4.1 s 
11 124 124 100% 2.8 s 2.5 s 1 s 1.4 s 4.5 s 4.2 s 
12 104 104 100% 3.2 s 2.8 s 1 s 2 s 4.7 s 4.3 s 
13 132 132 100% 2.9 s 2.5 s 0.9 s 1.8 s 5.0 s 4.6 s 
14 139 139 100% 3.2 s 2.9 s 0.9 s 1.6 s 4.6 s 4.3 s 
15 116 116 100% 3.3 s 2.8 s 0.9 s 1.6 s 4.6 s 4.1 s 
16 161 161 100% 2.9 s 2.6 s 0.8 s 1.6 s 4.5 s 4.2 s 
17 146 146 100% 3.0 s 2.7 s 0.7 s 1.5 s 4.7 s 4.4 s 
18 116 116 100% 2.7 s 2.4 s 1.1 s 1.7 s 7.8 s 4.5 s 
19 98 98 100% 3.4 s 2.9 s 1 s 1.7 s 4.9 s 4.4 s 
20 143 143 100% 2.8 s 2.5 s 0.9 s 1.1 s 4.2 s 4.0 s 
21 107 107 100% 2.8 s 2.4 s 1.2 s 1.6 s 4.6 s 4.2 s 
22 55 55 100% 2.9 s 2.3 s 1.2 s 1.4 s 4.5 s 3.9 s 
23 125 125 100% 2.7 s 2.4 s 1.2 s 1.5 s 4.4 s 4.1 s 
24 133 133 100% 3.3 s 2.9 s 0.8 s 1.7 s 4.8 s 4.4 s 
25 142 142 100% 3.3 s 2.9 s 0.8 s 1.9 s 4.8 s 4.5 s 
26 121 121 100% 2.7 s 2.3 s 1 s 1.9 s 4.7 s 4.3 s 
27 129 129 100% 3.1 s 2.8 s 0.9 s 1.6 s 4.4 s 4.1 s 
28 166 166 100% 3.1 s 2.9 s 0.6 s 1.7 s 4.9 s 4.7 s 

	  

Summary	  and	  conclusions	  	  
	  
The cycle times estimated in this research are not exact for this type of robotic 
manipulators as it depends on several other factors like velocity and acceleration of 
joints and joint limits. The fruit distribution data laid a path to check the efficiency of 
different robotic models over different training systems. The simulation process will be 
developed further in the future to estimate the cycle times of different redundant 



manipulators over different training systems. Optimal configuration for different 
manipulator designs can be computed, which can result in uniform dexterity ellipsoids 
with large volumes thus qualifying and quantifying the movement ease in all three 
directions Sivaraman and Burks (2007). Furthermore, the branching information will be 
incorporated into the simulation procedure to perform collision detection estimate more 
accurately the picking efficiencies and cycle times. 
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