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Abstract— This paper addresses an energy-efficient
object collection problem using two mobile robots
twins, equipped with a flexible tool such as a net or
tether. This problem is subject to a routing problem
for a collection sequence that minimizes total energy
consumption of both robots for collecting scattered,
multiple objects. To this end, we propose a dynamic
programming-based route planning method, where
the robot state is defined by energy consumption and
its position. As the flexible tool allows the robots
to collect a number of objects all at once, we im-
plement a grouping circle of the tool, the radius of
which depends on the number of the collected objects.
The method incorporates a load-dependent velocity
model as well as the load-dependent radius of object
grouping circles to realistically reflect robot dynamics
during the cooperative collection and transportation
of the objects. Simulations were conducted under var-
ious scenarios with different object distributions, start
positions of the robots, and the maximum velocities of
the robots. The simulation results demonstrate that
the proposed method reduces both energy consump-
tion and travel time compared to baseline methods.

I. INTRODUCTION
In this paper, we consider a task to collect/gather mul-

tiple scattered objects by mobile robots twins connected
by a flexible tool such as a net or tether one another. Fig.
1 is the concept of this study; two robots are tethered
with a flexible tool used for towing an object indirectly.

Collecting scattered objects is often time-consuming
for one single robot; the robot needs to detect the object’s
precise location and capture them with its specific mech-
anism. Moreover, the robot with small payload capability
can only transport a few number of objects, requiring
repeated tasks to complete the object collection. Coop-
erating two robots having a flexible tool such as a net
or a tether for those tasks will make the task more time-
efficient, enabling the robots to roughly detect the object
locations and to collect them with a simpler mechanism.

This robotic system as Cooperative objects transport,
is useful and has been studied in the past in various
situations; the collection and transportation of light-
weight objects [1] and the skimming of oil or cleanup of
surface debris on the ocean surface [2], [3]. These studies,
however, did not consider any mechanical effect in the
object dragging and surface friction as the mass of the
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Fig. 1: Object transportation by tethered mobile robots twins

towed objects is just 0 ∼ 7% of that of the robot or
vessel. When the mass of the object is large comparing
to the robots, or when the surface friction is large, the
robots’ behaviors dynamically change. One of the critical
effects on the robots is slip against the ground. When
the mass of the objects is more than 15% of that of
the robot, the twins turn outwards with respect to the
object on the high-slip ground even though each robot is
controlled to align to straight motion, and eventually pull
each other outwards, making themselves immobilized [4].
This implies that the direction of the flexible tool from
the robot to the object is critical to avoid or decrease the
mechanical effect on the robot.

Considering the tether tension vectors, only the
aligned component of the traction force is useful; perpen-
dicular components reduce towing efficiency [5]. There-
fore, the robot and object should be in-line such that
the both vectors of the robot and object are in the same
direction, minimizing the tension [6].

The above shows that shorter the distance between the
twins, higher the towing efficiency. However, if the robot
twins are too close one another, only a few objects can be
collected in one time, resulting the twins are required to
move longer distance to collect all the objects. Therefore,
the distance between the robot twins effects to the total
efficiency and to the collecting order of the objects with
considering dynamic grouping of multiple objects with
regard to the distance between the robots that varies
with carrying load due to the objects dynamically.

The problem mentioned above holds another well-
known problem as Traveling Salesman Problem (TSP),
where the robots twins collect all the objects in one
task. The objective function is commonly minimizing the
travel distance, which is replaceable for energy consump-
tion in terms of decreasing the load to the robots. There-
fore, our scenario can be classified as energy-dependent
TSP with dynamic grouping based on the carrying load.
Energy-dependent TSP has been studied in various sce-
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narios. Cha et al. [7] model the arc cost as a function of
both the load and the visitation sequence, considering the
impact of hazardous materials. Xiao et al. [8] propose a
mathematical formulation, which captures the increasing
energy consumption as the transported load increases.
Similarly, fuel consumption is modeled in [9], [10], where
the fuel cost per unit distance depends linearly on vehicle
load. However, none of these studies consider dynamic
grouping of the objects during task execution.

Some studies have incorporated clustering into the
TSP framework, while the cluster sizes are static and
predefined [11], [12]. Other studies consider dynamic or
adaptive clustering within TSP formulations [13], [14],
yet they do not take into account the load-dependent
effects of the transported objects.

Therefore, we aim to elaborate an energy-minimizing
routing method with consideration of the dynamic group-
ing based on the load-dependent effects of the carried
objects. The main contributions of this work are as
follows:

• Formulation of an energy-efficient collection route
using dynamic programming.

• Introduction of a dynamic object grouping method
that determines the area for collecting multiple ob-
jects at once with a flexible tool.

• Modeling of energy consumption and maximum out-
put velocity as functions of the current transported
load, enabling the planner to account for the me-
chanical effects of heavy loads on the robots.

II. Assumptions and Problem statement
In this study, we consider an environment where mul-

tiple objects uniform in size and mass, are scattered
within a flat, homogeneous surface. Two mobile robots,
connected with a flexible tool such as a net or tether on
their rear end one another, collect and transport multiple
objects all together by enclosing them within a flexible
tool and dragging them along the ground. Both robots
are provided with information regarding the location and
masses of all objects.

The robots task is to determine a collection sequence
that minimizes total energy consumption as the two
robots, starting from a designated initial position, se-
quentially collect all objects. A group of objects that can
be collected together is represented by a circle of radius
R, and the process of forming such a group is referred to
as grouping.

The route planner performs grouping at each step
based on the current transported load. The robots finish
their task when all the objects are collected, and stay at
the last object group. For route planning, the planner
views the two robots at an abstract level as a single
point mass, and similarly, each object is assumed as a
point mass. Fig. 2 shows the relationship between the
transportation system and the planning target. Details
of the robots’ actual movement—such as whether the
flexible tool is deployed throughout navigation or only

Fig. 2: Planning target in the system

(a) Grouping Step 1 (b) Grouping step 2–4

Fig. 3: Grouping procedure

during object collection—are beyond the scope of this
study.

III. Energy Efficient Routing with Dynamic
Grouping

A. Grouping with Sweeping Strategy
To enhance collection efficiency, we introduce a group-

ing that enables the collection of multiple nearby objects
all at once using a flexible tool. This is particularly
beneficial in scenarios where objects are spatially clus-
tered and collecting/transporting them one by one is
inefficient.

Given a target object j, the proposed planner considers
a set of circular regions centered at the location of
object j whose radii are less than or equal to the cur-
rent maximum allowable radius Rmax,current. Let Mcurrent
denote the carried mass before reaching object j, then
Rmax,current is given by:

Rmax,current = Rmax,0 −KR ·Mcurrent (1)

where KR is the radius reduction coefficients as the robot
twins tend to get closer each other as the carried load
increases. These circles are generated by rotating a sweep
angle in 360/Nc-degree increments with the total of Nc

circles around object j, simulating a radial search for
possible groupings (Fig. 3a).

Each circular region is evaluated by computing a
mask value, which represents the number of additional
objects that fall within the region (Fig. 3b). The re-
gion with the highest mask value is selected as the
grouping candidate. The grouping flow is as below:
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Algorithm 1 Grouping: findSweepGroup()
1: function findSweepGroup(j, Scurrent, Mcurrent)
2: R← R0 −KM ·Mcurrent
3: for i = 0 to Nc − 1 do ▷ Angle: 0◦ to 345◦

4: Compute group center c at direction i
5: Initialize mask ← 0, count← 0
6: for k = 0 to N − 1 do
7: if k /∈ Scurrent and Dk,c ≤ R then
8: Add k to mask, increment count
9: end if
10: end for
11: if count > best_count then
12: Update best group: mask, center
13: end if
14: end for
15: return mask, c
16: end function

Step 1 Placing circles of radius R < Rmax, current
every 360/Nc degrees around object j (We set
Nc = 24).

Step 2 Counting the number of objects contained in
each circle.

Step 3 Selecting the circle with the highest count
(mask value).

Step 4 Computing the center of the selected circle to
define the group.

In cases where multiple regions contain the same num-
ber of the objects, the region with the smallest sweep
angle is chosen to ensure determinism and geometric
consistency. However, it does not affect the optimality of
the route as the planner calculated all the cases so that
the energy-inefficient center is removed in the update of
the state.

The maximum grouping radius Rmax, current is dynam-
ically adapted based on the current transported load
Mcurrent, reflecting constraints on maneuverability or
energy efficiency. Note that our method is a greedy ap-
proach, in which grouping is always performed whenever
possible.

B. Dynamic Planning via Bitmask-based Dynamic Pro-
gramming

To determine the energy-optimal route for collecting
all target objects, we adopt a Dynamic Planning frame-
work based on bitmask-encoded dynamic programming
(commonly known as BitDP [15]).

Let N denote the total number of objects to be
collected, and S the set of already collected objects
(0 ≤ |S| ≤ N). Each subset S is represented as an N -
bit integer bitmask, where the i-th bit is set if object
i has been collected. For example, when N = 4 and
S = {0, 1, 3}, the bitmask is 1011. We define the dynamic
programming (DP) state as dp[S][i], which represents the
minimum energy required to collect all objects in set S
and end at object i.

The computation of the dp array is performed in
ascending order of the number of collected objects. First,
the minimum energy for all states in which exactly one
object has been collected is computed, and the smallest

Algorithm 2 Dynamic Programming with Dynamic
Grouping
1: Initialize dp[S][j]←∞
2: for j = 0 to N − 1 do
3: mask, circle← findSweepGroup(j, 0, 0)
4: dp[mask][j]← Dstart, circle.center · P0/vmax,0
5: end for
6: for Scurrent = 0 to 2N − 1 do
7: for i = 0 to N − 1 do
8: if i /∈ Scurrent then
9: continue
10: end if
11: Mcurrent ← mass(Scurrent)
12: for j = 0 to N − 1 do
13: if j ∈ Scurrent then
14: continue
15: end if
16: mask, c← findSweepGroup(j, Scurrent, Mcurrent)
17: Snew ← Scurrent|mask
18: vmax,current ← vmax,0 −Kv ·Mcurrent
19: dp[Snew][j] ← min(dp[Snew][j], dp[Scurrent][i] +

Etrav(i→j))
20: end for
21: end for
22: end for

value is recorded in the dp array. Next, using that result,
the minimum energy for all states with two or more
collected objects is computed, and similarly, the smallest
value is stored in the dp array. This process is repeated
until all the objects are collected, always recording the
minimum energy in the dp array. By iterating this
procedure, the energy values stored in the dp array are
guaranteed to be minimal.

The routes recorded in the dp array are updated
through energy comparisons as follows. At a certain
point, suppose that for the state in which the set Scurrent
of objects has been collected and the robot is currently
at object i, the smallest energy consumption is stored
in dp[Scurrent][i]. Then, let object j be the next possible
collection target. Based on Algorithm 1, other objects in
the grouping circle will also be collected. In that case,
not only j-th bit but also other bits are set in the same
time, which is the unique point of our method from the
original bitDP. Thus, new subset is computed as below
expressing the set of all the objects in the grouping circle
as mask;

Snew = Scurrent|mask (2)

dp[Snew][j] is calculated in each for loop in Algorithm
2, and updated if smaller value is found;

dp[Snew][j]← min(dp[Snew][j], dp[Scurrent][i]+Etrav(i→j))
(3)

Here, Etrav(i→j) denotes the energy required to travel
from object i to object j, and is defined as:

Etrav(i→j) = (P0 + KEMcurrent)
Di,j

vmax,current
(4)

vmax,current = vmax,0 −Kv ·Mcurrent (5)

where Di,j is the Euclidean distance between objects i
and j, Mcurrent is the currently transported load, P0 is the
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power consumption which is required for the robots to
move, and KE , Kv are coefficients of energy and velocity
reduction by Mcurrent, respectively. The parameters KE

and P0 are adjusted so that Eq. (4) represents the
mechanical work performed by the robots. Specifically,
KE is defined as the product of the dynamic friction
coefficient of the object against the ground µobject, grav-
itational acceleration g, and the initial maximum output
velocity vmax,0. Similarly, P0 is defined as the product of
the dynamic friction coefficient of the robot against the
ground µrobot, g, the robot mass Mrobot, and vmax,0. Eq.
(5) represents the relationship in which the maximum
achievable velocity of the robot decreases according to
the carried load Mcurrent, while Eq. (4) expresses the
energy consumption when the robot travels at the max-
imum velocity computed from Eq. (5).

By repeating this process until all objects are collected,
the planner determines the route with the minimum
energy consumption for the task.

About the computational cost, brute-force search has
O(N ! × Nc) complexity, our DP-based method achieves
O(2N × N3 × Nc) due to the findSweepGroup shown in
Algorithm 1 is called in the innermost loop.

IV. Simulation study
A. Simulation setup

We randomly generated a total of 40 object placement
environments in 20 × 20 meters; 10 different object
placement environments for each total number of objects
N ; 5, 10, 15, and 20 (with O(2N ×N3×Nc) complexity,
the planner handles up to N = 20). Furthermore, for
each environment, we conducted simulations under two
different initial robots’ positions; lower left (0, 0) and the
center (10, 10). Also, we prepared four different maxi-
mum output velocity settings during full load transport,
corresponding to 25%, 50%, 75%, and 100% of the no-
load velocity.

These velocity settings were realized by adjusting the
coefficient Kv in Eq. (5). In addition to the proposed
method, we prepared three baseline algorithms and com-
pared the results across the following four approaches:

• Ours (Em-WG): Energy minimization with grouping
• Em-WoG: Energy minimization without grouping
• Dm-WG: Distance minimization with grouping
• Dm-WoG: Distance minimization without grouping

Note that Dm-WoG corresponds to the standard Travel-
ing Salesman Problem (TSP).

We set the parameters as following; vmax,0 = 1.5 m/s,
Rmax,0 = 3.5 m, MRobots = 100.0 kg as a total mass of
the twins with single robot mass is 50.0 kg, Mobject =
Mtotal/N kg with the total mass of the objects Mtotal =
50.0 kg, the dynamic coefficient of the objects and the
robot against the ground µobject = 2.0 and µrobot = 0.35
respectively, KR = 0.075, meaning the twins get closer
for 0.75 m in case of carrying all of the objects.

(a) Energy-minimization (b) Distance-minimization

Fig. 4: Effect of minimizing energy on the path

The experiments were conducted on a machine
equipped with an AMD EPYC 7313 16-Core Processor
and 256 GB RAM. All solutions were obtained in an
average of 3.4 seconds up to 8.5 seconds under N = 20.

B. Effect of energy minimization
In order to validate the pure effect of the energy min-

imization, we compare the results of Em-WoG and Dm-
WoG algorithms, both without grouping. The robot’s
starting position is set to (0, 0), and the simulation result
for N = 5 objects is shown in Fig. 4.

In the distance-minimization case, the robot collects
nearby objects first (Fig. 4b), whereas in the energy-
minimization case, it prioritizes collecting distant ob-
jects (Fig. 4a). This behavior indicates that the energy-
minimization strategy tends to increase the travel dis-
tance when the robot carries no load, and conversely
shortens the distance traveled while transporting objects.

As a result, the energy consumption in the energy-
minimization case is reduced by approximately 40% com-
pared to that of distance minimization. These findings
demonstrate that the energy-minimization approach is
effective in deriving more energy-efficient routes com-
pared to conventional distance-based planning.

C. Simulation with Grouping
Next, we conducted simulations including cases with

grouping enabled. For each number of the objects N ∈
{5, 10, 15, 20}, the Fig. 5 reports the average energy
consumption. The path of the twins are shown in Fig. 6
and Fig. 7 for each number of objects, starting from (0, 0)
and (10, 10) respectively with Kv = 1.0. Red translucent
circles are grouping circles, where the robots collect the
objects in the circle all at once. We also calculated the av-
erage minimum travel time (equivalent to the minimum
task execution time). The energy and the travel time are
computed over 10 different object placement scenarios
per maximum output velocity setting. The travel time is
calculated under the assumption that the robot always
moves at the current maximum velocity vmax,current, and
thus reflects the theoretical minimum time required to
complete the task.
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(a) Initial position: (0 , 0) (b) Initial position: (10 , 10)

Fig. 5: Consumption energy comparison

(a) N = 5 (b) N = 10 (c) N = 15 (d) N = 20

Fig. 6: Path by proposed method for each N from the initial position at (0, 0)

(a) N = 5 (b) N = 10 (c) N = 15 (d) N = 20

Fig. 7: Path by proposed method for each N from the initial position at (10, 10)

1) Effect on the path: Regardless of the initial posi-
tions, the higher the maximum output velocity, the more
frequently the routes diverged. Moreover, the paths tend
to be different with the larger number of the objects
because of decision of the grouping circle. The difference
above is shown in Fig. 6 and Fig. 7.

This is because when the maximum output velocity
is large (i.e., small Kv), the decrease in velocity with
respect to carried load is softened, as shown in Eq. (5).
Consequently, vmax,current in Eq. (4) remains relatively
large, and the impact of travel distance Di,j on Etravel is
reduced. As a result, the planner is more likely to choose
more distant objects, making the route more sensitive to
the initial position.

2) Effect by N : The larger number of the objects,
the greater the reduction in both energy consumption

and travel time of the proposed method compared to
any baseline. As the number of objects increases, the
object density becomes higher, making it more likely
for multiple objects to fall within the current grouping
radius Rmax,current as shown in Fig. 6 and Fig. 7, though
Rmax,current decreases according to Mcurrent making the
planner difficult to perform grouping. This facilitates
grouping and reduces the need for the robot to travel
individually to each object, thereby decreasing both en-
ergy consumption and time.

3) Statistic analysis: The proposed method showed
10–25% lower energy consumption (normalized by N
and K) compared to all baselines. Paired t-tests con-
firmed significant improvements, with large effects for
Em-WoG and Dm-WoG (dz > 1.33) and a strong ef-
fect for Em-WG (dz = 0.78), highlighting the impact
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Fig. 8: Planning target in the system

of the grouping strategy. Significant negative method–
output-rate interactions (p < 0.001 for methods without
grouping) suggest that the proposed method Em-WG
achieved its largest energy-saving benefit under K = 0.5,
with diminishing but still significant advantages as the
available output increased.

It should also be noted that in some cases, baseline
Dm-WG yields shorter travel times than the proposed
method. However, this occurs because Dm-WG does not
incorporate the impact of transported mass Mcurrent on
vmax,current into its cost function. As a result, it may
select routes that are faster in theory but impose higher
mechanical impact on the robot during execution.

V. Toward Realistic Application
Up to this point, both the objects and the robot twins

have been assumed as point masses in the planning
phase, under which the effectiveness of the proposed
method has been demonstrated. In this section, we ex-
amine whether the method is applicable to more realistic
scenarios where both the robots and the objects have
finite physical dimensions.

A. Collectible/Non-collectible zone
One notable feature of the tethered mobile robot twins

is that if another object lies along the trajectory to the
next target, the robots can also collect it. Conversely,
if an object is located directly in the robots’ path, the
planner must generate a trajectory that avoids passing
over it. To incorporate this concept into the proposed
method, we first define two regions as illustrated in
Fig. 8: a collectible zone and a non-collectible zone,
corresponding to the possible trajectory of the flexible
tool and the robots themselves respectively.

Based on the above concept, we introduce the following
two constraints into the algorithm before the energy
calculation in Algorithm 2. 1) For any uncollected object
at a given step, the object is regarded as collected only
when the entire object, with radius robj, enters the
collectible zone. Partial entry into the zone does not
trigger collection. 2) If any uncollected object k lies even
partially within the non-collectible zone, the path to
object j is considered invalid, and the planner searches
for an alternative object.

To determine the relative position of the foot of the
perpendicular p⊥ dropped from any uncollected object k

(a) Classification based on a

(b) The shortest distance from the object k to PiPj

Fig. 9: Geometric object classification

to the line segment connecting the current robot position
at object i to a potential next target object j, we employ
a method based on scalar projection.

Let PiPj = Pj − Pi be the vector from the current
object Pi to the target object Pj , and let PiPk = Pk−Pi

be the vector from Pi to the uncollected object Pk. Then,
the scalar projection coefficient a is defined as:

a = PiPj ·PiPk

∥PiPj∥2
(6)

Using this coefficient a, the foot of the perpendicular p⊥
is given by:

p⊥ = Pi + a PiPj (7)

The geometric location of the foot p⊥ can be classified
based on the value of t as shown in Fig. 9a:

Case 1 0 < a < 1: p⊥ lies within PiPj .
Case 2,4 a ≤ 0: p⊥ lies on the extension of PiPj

on or beyond Pi.
Case 3,5 a ≥ 1: p⊥ lies on the extension of PiPj

on or beyond Pj .
The shortest distance d from object k to PiPj is

determined as follows:
• For Case 1, d is the distsnce between Pk and PiPj .
• For Cases 2 and 4, d is the distance to Pi.
• For Cases 3 and 5, d is the distance to Pj .
If this distance d satisfies the following condition:

H

2
− robj < d ≤ H

2
+ Hr + robj, (8)

then object k is considered to be located in the non-
collectible zone as shown in Fig. 9b. In such cases, the
path connecting objects i and j is deemed invalid, and
object j is excluded from the set of possible next targets.
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(a) w/ zone (b) w/o zone

(c) w/ zone (robj = 0) (d) w/ zone (Em-adapG)

Fig. 10: Effect of collectible/non-collectible zone

Fig. 11: Adaptable grouping

A route is infeasible if, from state Scurrent, every
candidate target causes a non-collectible zone violation
or the object radius robj cannot fit within the sweep
circle, leaving no valid path forward. We conducted
simulations under the fixed Kv at 1.0 and the entire field
at 20 m × 20 m with six different object radii ranging
from 0.0 m to 0.15 m, and for each case, we evaluated
how many out of ten object configurations resulting in
succeeded in generating a path. Here, the width H of the
collectible zone is set to 0.50 m, representing the span of
the flexible tool during transport between the objects.

The number of configurations that the planner suc-
ceeded in generating a path correlates more strongly with
the number of objects than with their radii; the planner
successfully generated a path in 8 to 9 configurations
in N = 10, 15 while 5 to 6 in N = 20 in any Robj
In order to varify the effect of collectible/non-collectible
zone constraints, we applied the same constraints to
the baseline Em-WoG, resulting in a greater number
of configurations where the path is generated than the
proposed method for all numbers of the objects. This

suggests that grouping increases the likelihood of violat-
ing the non-collectible zone constraint.

To verify this, we conducted simulations with varied
initial grouping radii: increased (Rmax,0 = 4.0, 4.5) and
decreased (Rmax,0 = 3.0). The results indicate that
smaller initial radii lead to more success in path gen-
eration. This is because the proposed method does not
often opt to avoid grouping, even when such a choice
would be more favorable.

This tendency also appears in configurations where
the path is generated. Fig. 10 shows examples of gen-
erated paths. Fig. 10a shows the result with finite-sized
objects, and Fig. 10b shows the case without any zone
constraints. Comparing the two, the former results in
minimal grouping, and the robot visits one object at a
time. In contrast, Fig. 10c shows the result under the
zone constraints but with point-mass objects. Compared
to Fig. 10a, more aggressive grouping is observed, indi-
cating a strong relationship between grouping behavior,
object size, and path generation possibility.

B. Adaptable grouping
To address the infeasibility of path generation,

we implemented an Adaptive Grouping strategy
under energy minimization (Em-adapG). Our original
method, Em-WG, selects only one circle with a
sweep angle chosen from 360/Nc candidates. Since
the planner prefers circles including the maximum
number of objects, the maximum radius Rmax,current
is chosen in most cases. In contrast, Em-adapG
retains the top C candidates with smaller estimated
future energy based on the remaining travel distance,
following these steps (the robots are at target i):
Step 1 Generate 360/Nc sweep angles and four radii

wRmax,current with w = {0.0, 0.5, 0.75, 1.0}
(72 candidates for Nc = 24) around the next
target j.

Step 2 Sort all candidates by energy consumption
Estage,k.

Step 3 Apply a Pareto filter to remove dominated
candidates (larger Estage,k and larger added
mass).

Step 4 Retain the top C candidates with the smallest
estimated future energy Eest,k.

Eest,k is defined as:

Eest,k = Estage,k + λ Eunit Lremmk (9)

where mk is the mass of objects in candidate k, Eunit is
the energy to transport unit mass per unit distance, Lrem
is the estimated remaining travel distance calculated
using the Beardwood–Halton–Hammersley theorem [16],
and λ = 0.20. Small λ leads planner keep more grouping
options.

Simulations under the same conditions as in Section V-
A showed that the planner successfully generated feasible
paths in all configurations. This is because it can select
not only whether to form a grouping circle but also
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adjust its radius, making pathfinding easier than Em-
WG under zone constraints. We compared the total
energy consumption with the original method under
Kv = 0.5 (Fig. 11). Em-adapG with zone constraints
outperformed Em-WG with the same constraints, but
not in the unconstrained case, and sometimes performed
worse for small N . This occurs because Em-adapG
tends to form unnecessary grouping circles for one or
few objects, whose centers may be far from the actual
objects, resulting in longer paths. However, with zone
consideration, the planner can form smaller and more
effective groups (Fig. 10d), allowing multiple objects to
be collected simultaneously and reducing travel distance.
To further improve Em-adapG, the grouping method
should allow the target object itself to serve as the circle
center, not only positions on the rim.

However, an important advantage of applying both
collectible and non-collectible zones is that the gener-
ated routes better reflect the physical constraints of the
flexible tool. As shown in Fig. 10b, the path of Em-
WG w/o zone crosses itself multiple times, whereas the
routes with zone constraints avoid such intersections.
This indicates that the flexible tool and the robots are
less likely to interfere with uncollected objects, making
the routes more feasible for real-world deployment.

VI. Conclusion and Future Work
In this study, we addressed a path planning problem

for minimizing the energy consumption of the tethered
robots twins for collecting multiple objects using a flex-
ible tool such as a tether. We formulated an energy-
efficient collection route by leveraging dynamic program-
ming, where the state is defined in terms of accumu-
lated energy consumption. Furthermore, we introduced
a dynamic objects grouping that determines the area
for collecting objects all at once based on the current
transported load. This allows the planner to account for
the mechanical influence of heavy loads on the robots.
The formulation of travel energy incorporates the robot’s
maximum output velocity as a variable. This enables to
reduce both energy consumption and travel time.

We conducted simulations under various parameter
conditions demonstrating the robustness and superiority
of our method across different scenarios. We also con-
ducted simulations under settings closer to real-world
scenarios. As a result, while some cases imply that the
grouping strategy should be improved, in other cases,
the generated paths were favorable for maneuvering the
flexible tool, resulting in more practical trajectories.

Our model focuses on global transportation costs.
Therefore, the detailed robot motions such as accelera-
tion or turning are beyond our study. Validation through
physical simulation and real experiments is left for future
work, which may reveal the need for local planning.

While this study focuses on a specific scenario of two
robots collecting multiple objects using a flexible tool, the
underlying framework is extensible. Both the grouping

radius and maximum output velocity were modeled as
linearly decreasing functions of the transported load. By
modifying these equations, the approach can be extended
to tasks such as aerial delivery in disaster response, where
a drone carrying a large payload adjusts its delivery
sequence based on recipient group sizes. As the pay-
load decreases, the drone’s maximum velocity increases,
enabling more efficient routing. Moreover, the proposed
method remained effective under different starting posi-
tions, suggesting applicability to scenarios such as plan-
etary rovers operating around a lander. Future work will
aim to extend the method to a wider range of mission-
critical applications.
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