
  

Fig. 1.  Design concept of the planning in this paper. The same platform is 

able to access to cloud and use two programs: creating data and trajectory 
planning.  

 

Abstract— This paper describes a robot trajectory planning 

method for grasping an object placed on a table. In conventional 

methods, the more obstacles are on the table, the more 

calculation costs are needed to find a course for avoiding the 

obstacles; to overcome this problem we use Accumulated Action 

Data from previous situations. The Action Data is composed of 

obstacles arrangement and manipulation trajectory and the 

manipulator acts on the information that is decided by 

comparing data arrangement with the present arrangement. 

For evaluating this method, we performed experiments in 

different conditions on a simulator. 

I. INTRODUCTION 

When we think about a robot supporting people in daily 

activities, we can imagine an array of situations where the 

robot will have to take a concrete object from a surface 

containing other different objects, and of course, every time 

can have different features, like a different goal to grasp or 

different objects’ arrangement, position or number. In order 

to effectively grasp the robot’s objective we need to calculate 

a route for the robot’s arm avoiding collisions with any 

potential obstacle. Having this in account, by evaluating the 

current status of the arm’s joints and the environment’s 

objects, the robot have to perform a collision check before 

every decision of the next joint angle for the arm. However, if 

the number of joints or objects increases, the solution space 

increases exponentially as well and as a consequence, this 

generates large processing times [1]. To overcome this issue, 

several methods have been proposed [2] [3] [4]. In this paper 

we propose a new method for calculating trajectories by 

exploring past experience, and avoiding to perform costly 

collision checks. 

In our proposal scenario, we use previously recorded 

experience from examples with a number of obstacles 

displayed in the operation environment. These experiences, 

called “Action Data”, are composed of the mapping of objects 

present in the environment and the data from the robot arm’s 

joint angles, and are stored in large numbers in an Action 

database we called “Accumulated Action Data”. 

Such a method requires large quantities of data which is not 

practical for individual robots, especially if we want for them 

to adapt to different environments. However, if many robots 
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share the Action database, this issue is lighten. In order to 

counter that problem, this system was deployed in a 

distributed server in the cloud, allowing to be used by several 

client robot platforms. Fig. 1 shows the concept architecture. 

In this architecture, each robot (assuming they have the same 

joint structure) initially contributes with its own environment 

to the creation of the Action database, which will be 

integrated on the cloud system. Afterwards, each robot can 

ask for trajectory planning to the remote system by sending its 

current environment data. Using this framework, we aim to 

solve the issue of needing a huge amount of Action Data. 

Also, as the whole process is held in the server, the robots do 

not need to spend important resources in terms of computing 

power. 

This cloud architecture concept can be used with different 

action planning methods, but as we stated previously, an 

important part of the process is the method to search the 

appropriate data on action planning. The method we present 

contains a novel technique for trajectory planning that doesn’t 

use collision checking, thus increasing the efficiency of the 

system. In other words, the contribution of our method is that 

calculates successful trajectories with a high success rate but 

doesn’t spend time in checking collision with the potential 

obstacles. Instead of that, in order to select which action is 

more convenient to do, the trajectory planner will select the 

Action Data whose environment map is the most similar to 

the current environment and whose results didn’t generate a 

collision. Once selected, the robot will adopt the joint angle 

Trajectory Planning for Reaching an Object on a Table                  

Using Accumulated Action Data 

Yusuke MORIYA, Nahum ALVAREZ, Kimitoshi YAMAZAKI 



  

Fig. 2.  The flow of trajectory planning using Accumulated Action Data. 

Action Data entries are grouped in classes (expressed as 𝑪). Each entry 

(expressed as 𝒂) is composed of a map (expressed as m) and a set of joint 

angles (expressed as 𝐕).  

associated to that Action Data. This method avoids the 

processing time of joint angle planning and collision checking, 

depending only on the time spent in retrieving the past 

experience.  

This paper is organized as follows: Section II describes 

other related systems, discussing their potential issues, 

Section III explains the architecture of our system, Section IV 

shows how the Action Data is created, and Section V details 

our trajectory planning method. Finally, Section VI describes 

the evaluation carried out for our system and its results, and 

Section VII presents our conclusions. 

II. RELATED WORK 

Trajectory planning using a set of learnt data has been 

subject of extensive research using a number of different 

techniques [5]: often using learning by demonstration gives 

promising results [6] [7], but requires time and is not well 

prepared to counter variable situations or unexpected 

environments [8]. Also, learning techniques require 

expert-generated data, and in some cases is very specific to a 

certain task [9]. A possible solution for solving those 

problems is to use some form of dynamic or iterative planning, 

like in [10], but if the environment is too complex, especially 

when dealing with collisions, the process may require an 

unaffordable amount of time. In order to counter that issue, 

there has been different approaches: for example, it is 

possible to reduce the collision checking by doing it  only in 

points that are likely to be the best trajectory, although it can 

generate sometimes non-optimal paths [2]; other works 

reduce the amount of calculation by planning with 

combinations of simple movements [11] [12]. However, in 

order to select the proper combinations, is necessary to have a 

large processing capability. Other approach, used in [3] 

generates a dynamic map based in precomputed roadmaps 

around obstacles, keeping a balance between stored data 

about the environment and processing effort. However, it still 

has some problems when objects in the environment change 

their position.  

It would be desirable (and our motivation) to find a method 

having the adaptive features of the dynamic planning 

approaches but avoiding costly collision checking. Our 

approach is to use the data generated by a learning system in 

the training stages and apply it in the trajectory planning.  

These data structures recorded in the learning database are 

an important factor too. Approaches like digital elevation 

maps (often called DEM or 2.5D map) have been used [14]. 

However, DEM is not suitable to our assumption, since it is 

difficult to express objects with parts over other objects or 

over the tabletop. Another popular method for mapping is to 

use voxels [13], which we use in our method as it fits better 

our application environment. Concretely, in each entry of our 

Accumulated Action Data we store two components: a 

representation of the environment map and the trajectory’s set 

of joint angles. 

III. TRAJECTORY PLANNING ARCHITECTURE 

Our system is used by the robot in order to select the most 

appropriate action for grasping a certain object in its 

environment. The environment we decided to work with is 

composed of a table with a number of random objects placed 

on it, as well as a goal object. Also, we divided the 

environment in tiles in order to classify different 

arrangements depending of where is placed the goal object; 

we will see later on that this classification allows us to 

decrease the process time of the system). 

The robot objective is to use its manipulator hand for 

grasping the goal object and avoiding to collide with any of 

the other objects in its path. This process is carried out by 

selecting successful past actions in similar environments, 

stored in a database. The idea is that if we find a past 

experience similar enough, the same action will be successful 

as well. 

Fig. 2 shows a flowchart depicting the trajectory planning 

process used by our system and the structure of the past 

actions database. The Accumulated Action Data, as we have 

called the database, is grouped in classes depending of the tile 

where the goal object is placed, expressed as “𝑪𝑖(0 ≤ 𝑖 ≤ 𝑛)”. 

Each class contains a list of action entries, “a”, with two 

components: the first one is a map containing the arrangement 

of the objects placed in the environment, expressed as “m”. 

The second component is composed of a list, “V”, of joint 

angles sets “v” which are obtained from joint angle planning 

using calculation in the map situation, and contain the steps of 

joint angles to perform the trajectory for grasping the goal 

object. If the manipulator can grasp the goal object in several 

ways, there are several 𝐯 per map.  

Trajectory planning using our Accumulated Action Data is 

conducted by the following procedure: 

1) The current objects arrangement on the table and target 

hand pose in that situation are obtained and mapped. 

2) One class C is chosen in consideration of the goal object’s 

tile. 



  

Fig. 4.  A smoothing mask. The mask is composed of 3×3×3 voxels, and 

each voxel value is expressed as 𝑯𝒙𝒚𝒛. The nearer voxel of mask is to the 

central voxel, the bigger value is substituted. 

Fig. 3.  Generating an object arrangement map. The space above the table top 

board is divided into unit cubes for defining a voxel map (a). Every voxel that 

overlap with any obstacles are filled up and is given the value of 1 (b). 

3) The system selects the actions entries whose final joint 

angles in V correspond with the goal object. 

4) From the list of actions selected in the previous step, the 

system selects the one with the map m most similar to the 

current arrangement.  

5) The manipulator executes the movements described in the 

v component corresponding to the action selected in the 

previous step. 

IV. ENVIRONMENT MAPPING BASED PLANNING 

In order to construct the Accumulated Action Data our 

system needs a method for obtaining the components of each 

one of its entries: a map of the objects arrangement and the 

joint angles list for each plan. Also, with such a method it’s 

possible to update the Accumulated Action Data anytime we 

want. This chapter describes how to obtain those two 

components. 

 

A. Objects Arrangement Map 

In this paper, environments are generated virtually on a 

simulator, so we generate the maps from digital data. 

However, it is also able to obtain the same maps from real 

space by getting its objects’ arrangement information by 

using three-dimensional distance image sensor.  

We define a voxel space dividing the space above the table 

plane into unit cubes (shown in fig. 3a). The voxels will be 

represented with a binary number in a tridimensional grid, 

with all initial voxel values being 0. If the referred voxel 

overlaps with any obstacles, its correspondent grid value is 

given a 1 (shown in fig. 3b as red-colored blocks). We call 

this set of voxels “Objects arrangement map”. The grid is 

compressed and recorded, being ready for its use in next 

stages.  

 

B. Joint Angles 

After generating the Objects arrangement map, the hand’s 

pose able to grasp the goal object is decided. 

 The manipulator is an articulated structure, so the geometric 

shape of the links and hand are known. Thus, we can use for 

trajectory planning the BiRRT method[15] and obtain an 

ordered list of joint angles describing a trajectory able to 

reach the goal pose without collision between two arm’s links 

or between a link and any object. Also, we obtain trajectories 

for different possible goal hand poses, allowing solutions for 

environments where concrete goal hand poses are limited due 

to the objects’ arrangement.  

V. TRAJECTORY PLANNING 

Once we have enough samples in our Accumulated Action 

Data, we can proceed with the trajectory planning algorithm 

depicted in section III and in the Fig. 1. In this section we 

describe in depth the five steps composing the procedure 

carried out by the system. 

 

A. Obtaining the Current Arrangement Map 

First, we obtain a voxel map of the current objects 

arrangement using the same method described in the previous 

section, from now we will call it “Current Arrangement Map”. 

Then, the goal hand pose for grasping the current goal object 

is decided. 

Next, the Current Arrangement Map has to be compared 

with each Objects arrangement map contained in the 

Accumulated Action Data and the degree of similarity 

between the two maps is calculated using their voxels’ values. 

However, as a voxels’ value is binary (‘0’ or ‘1’), it will result 

that there are several maps with the same degree of similarity, 

so we modify the values by masking the Current arrangement 

map with a smoothing function that gives each voxel a 

decimal value. This smoothing method is based on an image 

processing technique widely used [16]. Fig. 4 shows the 

smoothing mask. The mask is composed of 3×3×3 voxels, 

and one voxel size of mask is equivalent to the voxel size of 

maps. The value of each voxel in the mask is expressed as 

𝐻𝑥,𝑦,𝑧 (−1 ≤ 𝑥 ≤ 1,−1 ≤ 𝑦 ≤ 1,−1 ≤ 𝑧 ≤ 1) , being its 



  

Fig. 5.  The smoothing procedure. Dark red voxels in the original map are 

given the value of 1. The new map is obtained by smoothing the original map 

with the mask. The lighter the colors in the mask and the smoothed map are, 
the lower its values are given.  

central voxel H0,0,0. Each voxel’s value is given by a Gaussian 

distribution, with its maximum value located in H0,0,0 and 

decreasing in farther voxels. 
The process of smoothing the Current arrangement map is 

shown in Fig. 5. For ease of understanding, Fig. 5 shows an 

example using a two-dimensional mask, instead the 

three-dimensional one we used. In the original map, each 

voxel’s value is expressed as 𝑀𝑋,𝑌,𝑍, where X, Y, and Z are the 

values corresponding to the coordinates for its depth, width, 

and height inside the map, respectively. A new map whose 

shape is the same as the original map is prepared, and each 

voxel value in the new map is expressed as 𝑀′𝑋,𝑌,𝑍. The value 

for each 𝑀𝑋,𝑌,𝑍
′  is given by (1). 

 

    𝑀𝑋,𝑌,𝑍
′ = ∑ ∑ ∑ 𝐻𝑥,𝑦,𝑧𝑀(𝑋−𝑥),(𝑌−𝑦),(𝑍−𝑧)

1

𝑧=−1

1

𝑦=−1

1

𝑥=−1

  (1) 

 

This new obtained map will be the Current Arrangement 

Map using for the planning process. 

 

B. Selecting a Similar Class 

Once we have the smoothed map we can select the class 

most similar to it. However, before explaining how to do it, 

we need to describe how classes are generated. The plane 

defined on the table top board is equally divided into tiles, and 

the center coordinates of each tile are calculated. Then, using 

the coordinates of the manipulator’s goal pose contained in 

the Accumulated Action Data, the tile corresponding to those 

coordinates is obtained and the distance between the 

coordinates of the goal hand pose and the center of the tile is 

calculated. This processing is conducted for each joint angles’ 

set “V” in the Accumulated Action Data, and its entry 

(containing the set of joint angles and the objects arrangement 

map) is grouped in classes depending of the tile of the goal 

hand.  

In the process of selecting a similar class, the current goal 

hand coordinates is obtained from the current goal object, and 

the tile corresponding to those coordinates will give us the tile 

associated to the most similar class for the Current 

arrangement map. 

 

C. Extraction of Action Data 

We extract the Action Data of the class selected in the 

previous step. In this process, we focus not only on the 

coordinates but also on the hand’s orientations. In order to 

reduce the processing time, we implemented a two steps 

extraction. Provided that we have N combinations of Objects 

arrangement maps and joint angles in the similar class, for the 

first step the nearest neighbor search FLANN method[17] is 

used, and k combinations with joint angles containing the 

goal hand coordinate similar to the current one are extracted. 

In the second step, we check values obtained from goal hand 

poses in k combinations. Then, we express the rotation matrix 

and the coordinates of one goal hand pose in k as 𝑹𝐷 and 𝒅. 

We obtain as well the rotation matrix and the coordinates 

from the current goal pose, expressed as 𝑹𝐺 and 𝒈. Then, we 

express the relative distance between these two poses as 𝑙, 
given by the next formula: 

 

           𝑙 = |𝒅 − 𝒈|        (2) 
 

Also, we are able to obtain a new matrix 𝑹, whose elements 

are expressed as 𝑅𝑖𝑗: 
 

      𝑹 = (

𝑅11 𝑅12 𝑅13
𝑅21 𝑅22 𝑅23
𝑅31 𝑅32 𝑅33

) = 𝑹𝐺
𝑇𝑹𝑫   (3) 

 

Thresholds for distance and rotation (𝑙𝑡 and 𝜃𝑡) are set in 

advance, and if the values obtained by the above process 

satisfy the following conditions, the combination is extracted. 

 

          

{
 

 
𝑙 < 𝑙𝑡

cos−1(𝑅11) < 𝜃𝑡
cos−1(𝑅22) < 𝜃𝑡
cos−1(𝑅33) < 𝜃𝑡

       (4) 

 

Thus, the combinations extracted in the second step are put 

together and constructed. We call the resulting set 

“Reconstructed Action Data”. 

 

D. Comparing Two Maps 

We compare the Current Arrangement Map with each map 

in the Reconstructed Action Data is conducted, and calculate 

the similarity degree between both. The similarity degree of a 

map is expressed as S and defined as (5). 

 

         S = ∑ 𝑀𝑋,𝑌,𝑍
′ 𝐷𝑋,𝑌,𝑍

𝑋,𝑌,𝑍

      (5) 

 

Being 𝑀𝑋,𝑌,𝑍
′  the voxel value from the Current arrangement 

map, and 𝐷𝑋,𝑌,𝑍  the voxel value from the Reconstruction 

Action Data map, where X, Y and Z are the map coordinates 

of the voxel. In this equation, S increases if voxels of both 

maps in the same coordinates have positive values. As a result 

we obtain a set of similarity degrees, expressed as 𝐒 =
{𝑆1, 𝑆2, ⋯ , 𝑆𝑛}, and the map of 𝑆𝑚𝑎𝑥  which is the biggest 

value in 𝐒 is extracted as the most similar map.  

 

E. Action execution 



  

Name HIRO

Development KAWADA Industries Inc.

Flexibility

15 axes

(Arm: 6 axes×2,

Neck: 2 axes,

Waist: 1 axes)

Joint structure

Arm: Sholder-Y, P

Elbow-P

Wrist-Y, P, R

Neck: Neck-Y, P

Body: Waist-Y

Used Joints Left Arm + Waist

CPU ATOM N270 1.6GHz

TABLE 1 

HIRO’s specification 

 We use the model of HIRO in an Openrave 
simulator. The robot only used the six-jointed left 

arm and the joint in the waist axis. 

Condition (1)  

Fig. 7.  The success rate of the robot operation for two conditions. The blue plots shows success times in 300 trial. The red, yellow, and green plots shows fail 

times, and each cause is bumping with obstacles, bumping with the goal object, and no usable samples. There is no fail times of yellow and green in case of 

condition (1). 

Condition (2) 

Once we have selected the most similar map, we extract its 

related joint angles list. Then, the manipulator moves in 

accordance with those joint angles.  

VI. EVALUATION 

A. Condition 

We performed an evaluation experiment with a 

multiple-jointed arm HIRO robot from Kawada industries Inc. 

Specifications of the robot are shown in table 1. In the 

operations, the robot only used the six-jointed left arm and the 

joint in the waist axis. A table was used as operations 

environment and we placed there a mug, acting as the goal 

object of the experiment, and a pet bottle, a bowl, a beaker 

and a dish used as obstacles. All objects were placed 

randomly on the table. We used OpenRAVE[18] with BiRRT 

trajectory planning in order to select the movements for 

grasping the goal object. Figure 6 shows how the grasping is 

performed in an OpenRAVE simulation. 

 We designed a voxel space for the operation environment 

of 570mm wide, 1080mm long and 240mm tall. The length of 

the voxels were 30mm. As described in section V-C, the error 

threshold distance was 3mm and the threshold angle was 5º. 

We prepared two conditions for the experiment: condition (1), 

with the goal object’s coordinates and orientation always 

constant and predefined, and condition (2), where only its 

coordinate in the Y axis was constant and predefined. We also 

defined a simple method to grasp the goal object for the robot. 

In case of condition (1), the first step extraction described in 

section V-C was skipped because the extracted combinations 

from the Action Data are not big enough to generate 

performance issues, so we don’t need the reduction step 

(however the second step is always mandatory to extract the 

Reconstructed Action Data). In case of condition (2), as the 

orientation of the object may not be suitable for that grasping 

posture, the robot would adjust it if necessary. Also, for 

condition (1) we tested with increasing amounts of Action 

Data from 100 to 7000 samples, using increments of 100 up to 

reaching 1000 samples, and then using increments of 500, and 

for condition (2) we used amounts from 1000 to 100000 

samples with increments of 1000. Finally, we performed 300 

runs of the experiment. 

 

B. Results 

Figure 7 shows the success rate of the robot operation for 

each condition in the 300 runs of the experiment. We can see 

that in the majority of cases the robot managed to take the 

goal object without touching any of the obstacles 
For condition (1) training data was composed of 7000 

samples, and we didn’t found any result where the data was 

not usable or where the robot bumped with the goal object. 

Also, once the robot was trained with more than 100 samples, 

the success rate reached 78%, and reaching 92% at most.  

Fig. 6. The method 

of grasping. This is 

the goal hand pose 
in the experiment. 



  

For condition (2) training data was composed of 100000 

samples, and the first step extraction is skipped in cases when 

the amount of Action Data were less than 50000 due to the 

same reason for doing it in condition (1). The highest success 

rate we obtained was 83%. When the training data was sparse, 

we can observe cases where there is no usable samples but 

after reaching 25000 samples, those results decrease to almost 

0. Also, the cases where the robotic arm bumped with the goal 

object were sparse but constant with any number of training 

samples. Finally, when using 50000 training samples, the 

time for selecting the most suitable joint angle from the 

database was 0.202 seconds on average, around 10 times 

faster than BiRRT. 

C. Discussion 

By seeing the results, in both (1) and (2) conditions the 

success rate was constant, but also constant (albeit low) was 

the failing rate due to bumping with obstacles. We think these 

cases appeared due to the most similar map still containing 

important differences with the current arrangement map, 

containing obstacles in the manipulator trajectory. As our 

similarity function does not give more importance to the 

space around the proposed trajectory of the manipulator, we 

are planning to improve it by adding such functionality. 

Additionally, the failing cases where the grasping method we 

decided (shown in fig. 6) was not feasible were due to that 

obstacles being too near to the goal hand coordinates. Also, 

condition (2) showed that in some cases the robot bumped 

also with the goal object when trying to grasp it. The cause of 

these misses is due to slight differences in the goal object’s 

position and orientation, making the manipulator to narrowly 

failing to grasp the object.  

Therefore, in order to increase the success rate and 

confront these issues, we are planning to add additional 

information related to the possible ways of grasping, and 

implement a method to select which one should be the best 

one given the current arrangement and its similarity with the 

selected Action Data. We think this simple solution can 

reduce greatly the failing cases we described previously.  

VII. CONCLUSION 

 In this paper, we presented a new method for robot’s 

trajectory planning that obtains a success rate of around 80% 

without performing collision’s checking. Due to this feature, 

we are able to obtain a significant reduction in the 

computational load and calculation times, which is a problem 

in current methods. Also, this technique allows for cloud 

deployment, lightening more the systems that use it. Our 

technique uses a database of past samples in order to select 

the current actions for grasping a goal object. The search of 

the most suitable sample from the database is performed by 

comparing its samples with the current environment and 

selecting the most similar one. We conducted an evaluation 

for our method obtaining positive results in terms of success 

rate: just by having more than 100 samples of Accumulated 

Action Data it reached between 78% and 92% of success. It 

also performed ten times faster than trajectory planners like 

BiRRT. In some sparse results, issues with our method were 

detected and we devised a way for solving them in the future. 

For the next steps we plan to solve those problems applying 

the improvement mentioned in section VI-C and also to 

perform more complex evaluation experiments with more 

obstacles and in different environments in order to identify 

other possible issues. 
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