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Motivation

• Watchman problem
• Online, continuous vision:

- optimum watchman route 
(L1-metric) in simple 
rectilinear polygons 
(Deng et al.)

- c=26.5 in simple 
polygons (Hoffmann et 
al.)

- No competitive online 
algorithm for polygons 
with holes (Albers et al.)
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Motivation

• Autonomous robot 
without continuous vision 
(scan costs)

• Watchman route
• Online problem
• Several classes of 

polygons
• Is it possible to achieve a 

competitive strategy?

!
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Polygons with holes

Proposition:
There is no strategy that achieves a bounded competitive 
ratio for the watchman problem with scan costs in case of 
a polygon with holes/obstacles. 
This statement holds even if the polygon is rectilinear.
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Proof of the proposition

• The shape of the inserted 
objects depends on the 
path of the robot.

The robot 
traverses 
the row:

The robot 
does not turn 
into the row 
(from this 
side):

The robot walks into 
the row, but turns 
back:

1 1

1

1
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A Competitive Strategy for 
Simple Rectilinear Polygons
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Extensions

• Two subpolygons
• Necessary and essential 

extensions
• Advantage in rectilinear 

polygons

non-dominated 
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A competitive strategy for simple rectilinear polygons

• Problem with niches
• It is necessary to limit the 

number of scan points



14

A competitive strategy for simple rectilinear polygons 



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”

• Adapt the step length of 
the robot to the minimal 
necessary step length



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”

• Adapt the step length of 
the robot to the minimal 
necessary step length

• Move to the projection of a 
corner and not to the 
corner itself



14

A competitive strategy for simple rectilinear polygons 

• Minimum side length a
• Consider the distance to 

the next corner (reflex 
vertex): walk beyond the 
corner if the distance to it 
is “short”

• Adapt the step length of 
the robot to the minimal 
necessary step length

• Move to the projection of a 
corner and not to the 
corner itself

• Do not scan on each 
necessary extension
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• GREEDY-ONLINE algorithm for 
a robot with continuous vision.

• Based on a proposition of Chin 
and Ntafos:

 Any optimum watchman route 
in P, a simple rectilinear 
polygon, will have to visit the 
essential edges in the order in 
which they appear on the 
boundary of P’ (the new 
polygon obtained by removing 
the “non-essential” portions of 
the polygon).

• Transfer of this proposition.

1.

2.

3.
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A competitive strategy for simple rectilinear polygons

• Extensions of the GREEDY-
ONLINE algorithm

• Interval case vs. extension 
case

• Reaching the extension on an axis-
parallel path without a change of 
direction is possible/impossible

• In all cases of the case 
differentiation:

– In case the robot runs beyond 
the extension: the robot is (is 
not) able to cover the total 
planned length

– Positive line creation vs. 
negative line creation
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• Non-visible region (NVR): 
An area in which the parts 
of the boundary, which 
would be visible by simply 
passing them with 
continuous vision, are not 
yet completely visible. 

• Discover passed non-
visible regions with binary 
search. 
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Binary search in the strategy

• Non-visible region (NVR): 
An area in which the parts 
of the boundary, which 
would be visible by simply 
passing them with 
continuous vision, are not 
yet completely visible. 

• Discover passed non-
visible regions with binary 
search. 
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Binary search in the strategy

• If the optimum nees k 
scans in an interval, the 
robot which uses the 
strategy will need 
maximum 
– k binary searches (for 

each an upper bound is 
given) or 

– 2k binary searches if the 
NVRs may appear on two 
sides
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Turn adjustments

• The optimum may have 
the opportunity to turn off 
before the robot, following 
the strategy, does.

• The robot may discover a 
corridor inside a non-
visible region.

Ø Adjustments to have the 
best basic position for the 
next turn
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Turn adjustments

• The optimum may have 
the opportunity to turn off 
before the robot, following 
the strategy, does.

• The robot may discover a 
corridor inside a non-
visible region.

Ø Adjustments to have the 
best basic position for the 
next turn

• Minimum corridor width ak
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The strategy

a ≤ 1: 
 A.  An axis-parallel move to E is possible without a turn 

• e≥2a+1: interval case 
 Let di be the actual distance to the perpendicular of the next 

counterclockwise extension 
– If di >2a+1, move to the perpendicular of the corner 
– If di ≤ 2a+1:  If di >a: cover a distance of 2di+1 
   If di ≤ a: cover a distance of 2a+1 
 Apply binary search if necessary, that means, if non-visible regions appear. 
– If no corner appears on the counterclockwise side, move directly to E. 

 In case we run beyond E with a step of length 2di+1/2a+1: 
i. If we do not cover the total distance, because of the boundary: Run as far as possible, go 

back to E, move back in steps of length 1, apply binary search for NVRs (on the 
counterclockwise side till E, on both sides beyond E) and if a corridor is identified, use it and 
make turn adjustments 

ii. If we may cover the total distance: 
I. negative line creation: Apply binary search, if a corridor is discovered inside a NVR, 

use it and make turn adjustments. 
II. Positive line creation: Go back to E, move back in steps of length 1, apply binary 

search and search for a corridor and the critical extension, make turn adjustments. 
• e<2a+1: extension case 
 Cover a distance of 2e+1. In case:..( i., ii.) 
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The strategy

a ≤ 1: 
 A.  An axis-parallel move to E is possible without a turn 

• e≥2a+1: interval case 
• e<2a+1: extension case 

 B.  An axis-parallel move to E is not possible without a change of     
direction:  Let bi be the distance to the sight-blocking corner. 

• e ≥a+1: interval case 
• No non-visible region up to the sight-blocking corner 
• Along the boundary up to the sight-blocking corner occur non-visible regions 

• e<a+1: extension case 
a > 1:  
 Similar; with scans every time a distance of a is covered. 
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The strategy

a ≤ 1: 
 A.  An axis-parallel move to E is possible without a turn 

• e≥2a+1: interval case 
• e<2a+1: extension case 

 B.  An axis-parallel move to E is not possible without a change of     
direction:  Let bi be the distance to the sight-blocking corner. 

• e ≥a+1: interval case 
• No non-visible region up to the sight-blocking corner 
• Along the boundary up to the sight-blocking corner occur non-visible regions 

• e<a+1: extension case 
a > 1:  
 Similar; with scans every time a distance of a is covered. 

  

m1=bgk1
bak1

bgk1
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The strategy

a ≤ 1: 
 A.  An axis-parallel move to E is possible without a turn 

• e≥2a+1: interval case 
• e<2a+1: extension case 

 B.  An axis-parallel move to E is not possible without a change of     
direction:  Let bi be the distance to the sight-blocking corner. 

• e ≥a+1: interval case 
• No non-visible region up to the sight-blocking corner 
• Along the boundary up to the sight-blocking corner occur non-visible regions 

• e<a+1: extension case 
a > 1:  
 Similar; with scans every time a distance of a is covered. 
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An example

starting point

d1

f

f e

m1
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The competitive ratio of the strategy

• If we assume a = ak: 

      

c≤  
 

a upper bound for c

1 55.2294

0.8 51.8168

0.7 50.2083

0.5 50.0000

0.1 54.8000

0.01 67.0336

0.0001 93.4919

0.000001 120.0661
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Linear Search
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Doubling
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Turn Cost
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Turn Cost
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An Open Problem
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Conditions
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An Infinite LP
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Solving the Infinite LP
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More General Problem
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Constraints
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Solving the Problem
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Solution II
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Dual Variables
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Dual Routing
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Dual Routing
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Tree Exploration
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Given:
Unknown tree T, root r
k robots, initially located at r

Task: 
Explore T and return to origin

Objective: 
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Tree Exploration

r

                          
                          

                          

Given:
Unknown tree T, root r
k robots, initially located at r

Task: 
Explore T and return to origin

Objective: 
Minimize maximum workload
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A New Strategy for General Trees
• Lower bounds on actual OPT:

- Known MAX distance
- AVG of known total distance

• Strategy MAX+AVG:
- Choose some c.
- Robots take turns,            

one at a time.
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A New Strategy for General Trees
• Lower bounds on actual OPT:

- Known MAX distance
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• Factor c is achievable, if we can 
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• Observations: 
- Duplicated distance  DUP   

is bounded by MAX.
- In worst case,       

MAX=AVG=DUP.
- This yields a recursion for 

distances traveled.
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Least Recently Visited (LRV): 
Move to vertex with oldest time stamp

Good news: LRV achieves full coverage.

Bad news: The coverage time of LRV can be exponentially large.
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