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Abstract—Behavior and properties of proteins as well as other
bio-macromolecules is influenced by internal void space such as
tunnels or cavities. Tunnels are paths leading from an active
site inside the protein to its surface. Knowledge about tunnels
and their evolution in time provides an insight into protein
properties (e.g. stability or resistance to a co-solvent). Tunnels
can be found using Voronoi diagrams (VD). To consider protein
dynamics, that is represented by a sequence of protein snapshots,
correspondences between VD in these snapshots need to be found.
The computation of these correspondences is however time and
memory consuming. In this paper, we propose a novel method for
tunnel detection in dynamic proteins based on Rapidly Exploring
Random Tree (RRT). The method builds a single configuration
tree describing free space of the protein. The nodes of the tree are
pruned according to protein dynamics. The proposed approach is
compared to CAVER 3.0, one of the widely used freely available
tools for protein analysis.

I.

I NTRODUCTION

Protein structures are essential components of all living
cells. The proper understanding of their structure and function
is a holy grail in many fields, including drug design, agriculture, cosmetics, etc. Although this knowledge is generally
still very hard to reveal, some of the protein structures have
been already investigated in detail. Such investigation consists
of the analysis of protein structure, its shape, surface area,
and inner void space. These parameters influence namely the
protein reactivity.
Proteins interact with other molecules (small ligands, ribonucleic acid chains, other proteins, etc.) which can lead to
changes in properties of the protein or the interacting molecule.
For example, one task in protein engineering is to change
selected properties of a protein, e.g. its stability under different
outer conditions [4] or activity of the protein towards the other
molecules [8]. This is reached by studying so called tunnels
in proteins which can serve as the transportation paths for the
ligand from the outside environment to the active site or vice
versa. The active site is a specific site, usually deeply buried
inside the protein, where the chemical reaction between the
protein and ligand can undergo. The importance of tunnel can
be demonstrated on an example, where mutations of amino
acids located directly around the tunnel improved the structural
and kinetic stability of the studied protein substantially. On
the other hand, surface mutations almost did not contribute to
protein stabilization [4].
The analysis of protein structure aiming to reveal the
tunnels has been supported by different computational software

tools which take the geometry of the protein as an input
and explore the inner void space (e.g., CAVER 1.0 [10] or
MOLE [9]). First algorithms focused on static molecules.
However, it was hard to assess their biochemical relevance
because from a static molecule it is impossible to derive the
temporal stability of these tunnels. Therefore, the researchers
started to focus on molecular dynamics simulations and studying the behavior of individual tunnels over time [13], [1], [12].
Molecular dynamics is represented as a sequence of frames
(molecule snapshots), and the tunnels need to be detected
through these frames. With the increasing size of simulations
the correctness of predicting the most biochemically relevant
tunnel increases as well. On the other hand, existing solutions
utilizing Voronoi diagrams and clustering methods are very
time and memory demanding which also gives the limitation
for the maximum number of frames which they are able to
analyze. In such cases the biochemists have to select a subset
of the whole simulation and perform the analysis only for this
selection. Such analysis however provides only a rough idea
of the tunnel behavior, as important parts of the simulation can
be easily omitted.
In this paper, we propose to detect tunnels in dynamic
protein structures using an alternative approach, samplingbased motion planning. In each frame, the void space of the
protein is explored using a novel modification of Rapidly
Exploring Random Tree (RRT) [5] algorithm. We propose a
novel expansion of the configuration tree in order to fill the
narrow void space more densely. To prevent the tree growth
outside the protein, which could lead to detection of invalid
(outer) tunnels, we propose to block its growth using a set of
blocking spheres. Before the tree is used in the next frame, its
nodes that collide with new positions of atoms are removed. It
is therefore ensured, that for each node in each frame, a path
leading to the starting node in the first frame can be found in
the tree. This allows us to maintain correspondences between
tunnels in a sequence of protein snapshots, which cannot be
ensured automatically when using VD-based methods.
II.

R ELATED WORK

The task of tunnel detection is to find a collision-free path
for a spherical probe leading from an active site inside the
protein to its known surface. The tunnel detection can be based
on rectangular grids, Voronoi diagrams, or other techniques. In
the first case, the structure of the protein is projected onto a
3D grid. Empty cells, that are not occupied by any atom of the
protein, are then processed to find pockets, cavities, channels,

or tunnels [12], [10]. The obvious disadvantage of the gridbased methods is the high memory demand and dependency
on the grid resolution.
Widely used approach to the tunnel detection is based on
Voronoi diagrams (VD). The tunnel is formed by a set of
Voronoi edges which are traversed using Dijkstra’s algorithm.
To consider atoms with different radii, weights of individual
points are determined by the van der Walls radii of the atoms
and weighted VD is computed. An alternative solution is to
compute a non-weighted VD on an extended point set. In
this case, each atom is approximated by several spheres with
small radius [13], [1]. VD-based methods are memory less
demanding, and also faster than grid-based methods.
The grid-based and VD-based methods are usually employed on static proteins. Finding tunnels through timechanging proteins increases the dimension of the space to be
searched, which prevents the grid-based methods to be used
for this task. The extension of VD-based methods to dynamic
molecules requires to find correspondences between individual
Voronoi diagrams, which is computationally demanding [6].
The problem of tunnel detection can be alternatively formulated as the path planning problem, where the task is to find
a collision-free path for a robot between a starting position
and a goal position. For the purpose of tunnel detection,
the starting position is defined as the active site inside the
protein and the goal position is supposed to lie anywhere
on the protein surface. The robot is defined as the ligand
or its spherical approximation (referred to as probe). Tunnel
detection in dynamic proteins leads to path planning in a highdimensional configuration space (4D for the probe and 7D for
the ligand). Instead of a systematic search, which would be
time and memory consuming, randomized sampling can be
used to obtain necessary information about the configuration
space. The idea of sampling-based motion planning is to
randomly sample the configuration space C of the robot.
The random samples are classified as free or non-free using
collision detection. As the sampling-based methods work in
the configuration space, they can cope with objects (robots) of
many degrees of freedom and arbitrary shapes. Sampling-based
planners have been used in various applications in robotics [3]
and also to study proteins, e.g. in protein folding [11], [7], or
protein folding combined with ligand diffusion [2].
Rapidly Exploring Random Tree (RRT) [5] is a singlequery motion planning method. RRT incrementally builds a
configuration tree T rooted at the initial configuration. In
each iteration of RRT, a random configuration qrand ∈ C is
generated and its nearest node in the tree qnear ∈ T is found.
A new configuration qnew is constructed on the line connecting
qnear and qrand in the distance ε. If qnew is collision-free,
it is added to the tree. The algorithm terminates if the tree
approaches the goal configuration close enough.
III.

P RELIMINARIES

Proteins are represented by a hard sphere model, where
the radius of each sphere (atom) is given by its van der
Waals radius. Let S ⊂ R3 denote the union of all spheres,
i.e., the geometry of the protein. In this paper, we aim to
find tunnels for a spherical probe Sprobe of radius rprobe .
Let q = (x, y, z) ∈ C denote the configuration (position)

of the probe, where the configuration space C consists of
all possible configurations. For each configuration q ∈ C we
assume, that its largest collision-free radius r(q) ∈ R, r(q) ≥ 0
can be computed, e.g. using collision detection. The collisionfree region Cf ree ⊆ C is formed by configurations, where
Sprobe can be placed without any collision, i.e., Cf ree = {q ∈
C|Sprobe (q) ∩ S = ∅}, where Sprobe (q) is the sphere with
radius rprobe at configuration q. The distance between two
configurations is measured using 3D Euclidean metric.
The configurations outside the protein Cgoal ⊆ C are
collision-free with sphere Sout of radius rout , rout > rprobe ,
Cgoal = {q ∈ C|Sout (q) ∩ S = ∅}. By computing α-shape
of the molecule, we can identify atoms located at the surface.
These atoms are referred to as surface atoms in the rest of
the paper. Dynamic proteins are represented by a sequence of
n snapshots (frames). The tunnels change together with the
protein dynamics: their width and position change, they can
merge with other tunnels or even disappear. The free-space
Cf ree is therefore different in each frame, as positions of atoms
change. For the sake of simplicity, a single notation C resp.
Cf ree is used in this paper and it is valid for the frame being
processed.
IV.

RRT FOR TUNNEL DETECTION

The tunnel detection using motion planning leads to search
in 4-dimensional C×time space, which can be searched using
randomized sampling-based methods. The idea of the proposed
approach is to detect tunnels in each frame separately using a
novel modification of RRT algorithm. The configuration tree
built in a given frame is transferred to the next frame, where
the search continues.
A. Tunnel detection in a single frame
The core of the proposed method is the computation of
tunnels in a single frame, which is realized using a modified
RRT. The algorithm is described in Alg. 1. After the random
sample qrand is generated (lines 5–11 in Alg. 1), its nearest
neighbor in the tree is found and the tree is expanded. The
method differs from basic RRT [5] in three ways: a) the growth
of the tree is controlled using blocking spheres Sblocking , b)
the tree is expanded using multiple nodes, and c) the random
samples qrand are not generated uniformly in C, but more
inside the protein.
Proteins have jagged surface with protrusions and small
cavities. The growth of the tree outside the protein needs to
be prohibited. Otherwise, many invalid tunnels hidden in this
bumpy surface would be detected. The cavities are smaller than
Sout but larger than Sprobe , which prevents us to determine
configurations at the surface using simple collision detection
between Sout and the protein surface. To prevent the growth of
the tree on this bumpy surface, the blocking spheres Sblocking
of radius rout are placed to configurations that are believed to
be close to the surface. After a new node qnew is added to
the tree, its distance to the nearest surface atom is computed
(Alg. 1, line 14). If this distance is less than the threshold
ds , the configuration qnew is considered as being close to
the surface, which indicates that the tunnel can exit from
the protein around this point. Therefore, new blocking sphere
at this position is introduced into the set Sblocking . After a

predefined percentage of iterations (parameter α in Alg. 1,
lines 20–23), the algorithm switches to the second phase,
and the blocking atoms Sblocking are deleted and removed
from collision detection data structures. This allows the tree to
finally exit the protein. In such a case (lines 17–19 in Alg. 1),
qnew is added to the set of tunnel exit-points. The algorithm
can be initialized with a non-empty set Sblocking (line 1 in
Alg. 1), which allows to block the growth of the tree according
to exit-points detected in the previous frame.
The second modification aims to improve the expansion
step. In RRT literature, the tree is often expanded using the
straight-line expansion, i.e., qnew is constructed on a line
connecting qnear and qrand in the distance ε from qnear .
The protein void space is small and this type of expansion
would lead to collisions (Fig. 1a). To cope with this issue, it
is necessary to find qnew around qnear and not only on the
line from qnear to qrand (Alg. 2). After qnear is found in
the tree, its neighborhood is sampled by n random samples
in order to find a sample q with the maximal collision-free
radius r(q) (Fig. 1b,c). The configuration q is added to the
tree if r(q) ≥ rprobe and if it does not regress to the tree.
A sample q is regressing if its nearest neighbor in the tree is
closer than its parent node (Alg. 2, line 7). This regression-test
prevents the expansion to large places, that are already filled
with other nodes. Without this test, the tree would densely
occupy large areas, but less densely the small ones. If qnew
is located in a large area, i.e., r(qnew ) > rprobe , additional m
samples located around qnew are added to the tree (Alg 2, lines
15–22), which is depicted in Fig. 1d. This procedure expands
the tree by multiple nodes (at most m + 1), but it guarantees
that these nodes are collision-free at radius at least rprobe and
that these are not regressing towards the tree.
To further boost the exploration ability of RRT, the tree
should be expanded from its internal nodes. This can be
achieved by changing the distribution of the random samples
qrand so that the probability of generating qrand inside a
protein is higher. A simple solution is to randomly choose a
point on a line connecting two randomly selected surface atoms
(Alg. 1, lines 6–8). This can also generate samples outside the
protein, because the proteins are non-convex, but the number
of such samples is negligible.
The result of the Alg. 1 is a configuration tree T representing the protein void space, together with a set of tunnel
exit-points G.
B. Tree maintenance in dynamic proteins
To find the tunnels in a sequence of dynamic protein,
the configuration tree built in the previous frame has to be
extended in the next frame. The tree from the previous frame
is pruned according to atoms of the next frame, and the nonfree nodes are removed from the tree (Fig. 2a–c). The parent
nodes of the surviving nodes are set to the corresponding nodes
in the previous tree. The main loop of the proposed method
is listed in Alg. 3 and the procedure to validate the nodes for
the next frame is listed in Alg. 4.
The algorithm starts with the first frame at configuration
qstart ∈ Cf ree . We assume that this position is collision-free
at frame 1, otherwise it would not be possible to construct the
tree around it. The result of the static tunnel detection (Alg. 1)

Algorithm 1: staticTunnelDetection

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Input: Initial configuration tree T , initial set of blocking
spheres S0blocking
Global params.: goal-probe radius rout , probe radius rprobe ,
max. number of iterations Imax , phase switching threshold
α, threshold ds
Output: Configuration tree T , list of tunnel exit-points G
Sblocking = S0blocking ; // blocking atoms added during phase 1
G = ∅; // list of tunnel exit-points
phase = 1;
for iteration = 1 : Imax do
if phase = 1 then
a1 = random atom on surface;
a2 = random atom on surface;
qrand = random point on line |a1 , a2 |;
else
qrand = random sample from C;
end
qnear = nearest node in T towards qrand ;
(qnew , r(qnew )) = expand(T ,qnear , S ∪ Sblocking );
if distanceToSurface(qnew ) < ds and phase = 1 then
Sblocking = Sblocking ∪ {Sout (qnew )} ;
end
if r(qnew ) > rout then
G = G ∪ {qnew };
end
if phase = 1 and iteration > αImax then
phase = 2;
Sblocking = ∅; // block. atoms are not used in phase 2
end
end
return (T , G);

is a new configuration tree of collision-free nodes for frame i
and tunnel exit-points G. Further expansions from the tunnel
exit-nodes have to be prohibited, otherwise the tree would fill
the outer region of the molecule. Similarly to the Alg. 1, this is
achieved using the blocking spheres Sblocking . The blocking
spheres have radius rout and they are placed at tunnel exitpoints G (Fig. 2d).
The result of Alg. 3 is represented by a sequence of
trees T0 , . . . , Tn , and the tunnel exit-points stored in the set
G. Each node in the tree points to its parent, which is
either a node of the same tree, or a node of the tree in
the previous frame. The collision-free paths are reconstructed
for each exit-point in q ∈ G by traversing the tree using
the parent nodes. The resulting tunnel t is represented by a
sequence t = ((q1 , f1 ), . . . , (qk , fk )) of k points qi and their
corresponding frames fi . The tunnel can be represented by
spheres centered at qi of radius at least rprobe . For the purpose
of visualization and further analysis, it is convenient to fill the
spheres, i.e., to find r(qi ) for each point qi ∈ t.
C. Discussion
The advantage of the proposed approach is that the tunnels
are searched in C space and not in the C×time space. Sampling
in this smaller space is faster and also less memory demanding.
Moreover, the space is not sampled from scratch in each frame,
but it continues based on the tree from the previous frame.
According to our experiments, 50–70% of nodes survive to
the next frame. Fast tunnel detection requires to compute
all necessary steps efficiently. The nearest neighbors can be

Algorithm 2: expand()

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Input: Configuration tree T , configuration qnear to be
expanded, collision-geometry S
Global params.: num. of random samples n around qnear ,
max. number of additional nodes m, resolution ε
Output: Return new node qnew and its collision-free radius
r(qnew ) if it is added to tree, or NULL otherwise
qnew = ∅; // new node to be added to the tree
r0 = 0; // largest collision-free radius of node qnew
for i = 1 : n do
q = random sample around qnear in distance ε;
q 0 = nearest node in T towards q;
r(q) = collision-free radius of sample q w.r.t. S;
if dist(q, q 0 ) < dist(q, qnear ) and r(q) > r0 then
r0 = r(q);
qnew = q;
end
end
if qnew 6= ∅ then
T .addNode(qnew );
T .addEdge(qnear , qnew );
if r0 > rprobe then
rs = r0 − rprobe ;
for i = 1 : m do
q = random sample in distance rs from qnew ;
T .addNode(q);
T .addEdge(qnew , q);
end
end
return (qnew , r0 );
end
return NULL;

Algorithm 3: Tunnel detection in dynamic protein

1
2
3
4
5
6
7
8
9

Input: collision geometries Si for n frames, starting point
qstart ∈ Cf ree in the first frame
Output: list of configuration trees Ti ;
T0 .add(qstart );
Sblocking = ∅;
G = ∅;
for i = 1 : n do
(Ti , Sblocking ) = changeFrame(Ti−1 , Si ); // Alg. 4
(Ti , G0 ) = staticTunnelDetection(Ti , Sblocking ); //Alg. 1
G = G ∪ G0 ;
end
return (T0 , . . . , Tn , G);

searched using KD-trees. The KD-trees can be also used to
compute distance to the surface atoms (line 14 in Alg. 1),
which makes this procedure very fast. The ability to detect
tunnels is influenced by the parameter α. The first phase should
be long enough in order to build the tree inside the protein.
According to experiments on proteins listed in Tab. I, we
suggest to set α = 0.7, i.e., 70% of iterations is spent in the
first phase.
V.

E XPERIMENTAL VERIFICATION

The proposed approach was verified on several proteins
from the Protein Data Bank (PDB) (www.pdb.org). The surface
atoms (used in Alg. 1, lines 6–7) were detected using alphashapes with radius 5 Å. The core of the proposed approach
is the sampling of configuration space in each frame (Alg. 1),
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Fig. 1. Example of unsuccessful expansion of node qnear using a straightline (a). This expansion is not possible because the probe cannot be placed in
the distance ε on the line connecting qnear and qrand . The proposed local
expansion first searches for samples around qnear with maximal collision-free
radius (samples 1, 2, and 3 in (b)). The sample 1 is regressing because its
nearest neighbor is the node q 0 and therefore, it is not used. From the sample
2 and 3, the sample 3 is added to the tree (c) (as node qnew ), as it has the
largest collision-free radius out of 2 and 3. If this collision-free radius is larger
than the probe radius, additional random samples are generated around it in
the radius r(qnew ) − rprobe and connected to qnew (d).
rout
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Change to f. i+1
(b)

Frame i+1
(c)

Blocking sphere
(d)

Fig. 2. Example of tree transfer from frame i to frame i + 1 (a–c). Moving
atoms are represented by blue circles. The collision-free nodes at frame i (red
circles) (a) are checked for collision in the next frame (b). The colliding nodes
(black circles) and their edges (dashed lines) are removed from the tree (c).
New nodes found in the next step by Alg. 1 (green circles) are connected to
this tree. Example of a blocking sphere close to the protein surface (d).

that can be also used for static tunnel detection, and due to
space limit, we focus on evaluation of this procedure.
Static tunnel detection (Alg. 1), referred to as RRTtd in
the rest of the paper, was launched with Imax = 50 · 103
iterations, α = 0.7, and for probes rprobe = 0.8, 0.9, and
1.1 Å, resolution ε = 0.1 Å, and rout = 5 Å, expansion
parameters n = 50, m = 3, and ds = 1 Å. The found tunnels
were compared with CAVER 3.0 [1] that computes tunnels
using approximated Voronoi diagrams. The default setting was
used for CAVER, except for the shell radius which was set to
5 Å and the resolution of provided tunnels was set to 0.1 Å.
The proposed RRTtd method was also compared with
a naı̈ve RRT, referred to as RRTn in the following text.
RRTn was implemented according [5] and it generates random
samples uniformly in the configuration space and expands
the tree using the straight-line expansion with resolution ε =
0.1 Å. RRTn builds the configuration tree slower than RRTtd
therefore Imax = 500 · 103 iterations were used in RRTn in
order to build trees with similar number of nodes as RRTtd .
The performance of RRT-based methods is evaluated as
the success rate of finding tunnels provided by CAVER.

Algorithm 4: changeFrame

1
2
3
4
5
6
7
8
9
10
11
12
13

Input: Geometry Si+1 for frame i + 1, configuration tree Ti
constructed at frame i
Global params.: probe radius rprobe , goal radius rout
Output: Configuration tree Ti+1 valid for frame i + 1
Sblocking = ∅;
Ti+1 =empty tree;
for q ∈ Ti do
r(q) = largest collision-free radius at q w.r.t. Si+1 ;
if r(q) ≥ rprobe and r(q) < rout then
Ti+1 .addNode(q);
set parent of Ti+1 .node(q) to Ti .node(q);
end
if r(q) ≥ rout then // q is tunnel exit-point
Sblocking = Sblocking ∪ {Sout (q)};
end
end
return (Ti+1 , Sblocking );

For each protein and probe radius, both RRT planners were
run 100 times. The found tunnels were matched with the
tunnels provided by CAVER for the same molecule and
probe. The one-way distance between two tunnels d0 (t1 , t2 )
is defined as the average distance between points qi ∈ t1
andP
their closest points q20 ∈ t2 in the tunnel t2 , d0 (t1 , t2 ) =
n1
1
0
i=1 dist(q1 , q2 ), where n1 is the number of points in t1 .
n1
To match tunnels of CAVER and RRT methods, the distance
D(t1 , t2 ) = max(d0 (t1 , t2 ), d0 (t2 , t1 )) is used. According to
preliminary experiments, two tunnels can be considered as
same if D(·, ·) ≤ 2.5 Å. The success rate for a given CAVER’s
tunnel is the percentage of RRT iterations (out of 100) which
found this tunnel. CAVER, depending on the size of the probe,
can provide more tunnels, that are sorted according to their
lengths and quality, that is determined by the radius of the
bottleneck and the curvature of the tunnel. The default sorting
criteria, that prefer shorter and thicker tunnels, were used. We
are therefore most interested in the success rate of the first
three tunnels, because they are most important for further biochemical analysis.
The results are summarized in Tab. I. The column named
CAVER shows the index of its tunnels and the numbers in
parentheses are their lengths in Å. Columns RRTtd and RRTn
show percentage success rate of finding these tunnels by the
sampling-based methods. The first three rows (rows starting
with #1, #2, and #3) in each section show success rates of
finding the first three tunnels provided by CAVER. The next
two rows show the tunnels that were found by RRTtd with high
probability. For example, first three tunnels of radius 0.7 Å in
1BL8 were found with success rates 63%, 60%, and 68% by
RRTtd . RRTtd also found tunnel #10 in 87% of cases and
tunnel #18 in 84% of cases. It is not possible to find at least
5 tunnels in each molecule and probe, therefore less than 5
tunnels can be reported (e.g. in 1CQW, probe 1.1 Å). On the
contrary, many tunnels exist for smaller probes (0.7 Å). This
gives RRT a chance to expand the configuration tree through
these tunnels, but due to randomization, not all tunnels are
explored in each trial and the success rate is smaller than with
a larger probe.
From the biochemical point of view, the most important is
the first tunnel (denoted #1) detected by CAVER. For the probe

TABLE I.

C OMPARISON OF CAVER AND RRT METHODS .

Probe 0.7Å
CAVER
RRTtd /RRTn
1MXTA, 7519 atoms
#1 (20.62) 100% / 43%
#2 (22.50)
75% / 17%
#3 (36.00)
93% / 74%
#8 (31.30)
78% / 31%
#4 (33.06)
57% / 19%

Probe 0.9Å
CAVER
RRTtd /RRTn
100% / 62%
83% / 10%
90% / 80%
34% / 6%
11% / 3%

#1 (20.62)
#2 (36.00)

100% / 17%
97% / 99%

1BL8, 2823 atoms, start at the tip
#1 (2.97)
63% / 44%
#1 (2.97)
#2 (7.71)
60% / 10%
#2 (7.71)
#3 (8.25)
68% / 32%
#3 (8.25)
#10 (34.61) 87% / 62%
#8 (34.61)
#18 (40.71) 84% / 61% #14 (40.71)
#23 (39.84) 76% / 24%
#5 (28.02)

50%
56%
68%
87%
86%
37%

/
/
/
/
/
/

29%
20%
41%
68%
65%
14%

#1 (2.97)
#2 (7.71)
#3 (8.25)
#6 (34.61)
#9 (42.67)
#5 (38.45)

48% / 26%
48% / 21%
45% / 34%
100% / 59%
81% / 38%
5% / 2%

1BL8c , 2823
#1 (12.74)
#2 (12.23)
#3 (13.41)
#10 (25.11)
#4 (13.55)

atoms, start at
89% / 55%
92% / 73%
88% / 58%
97% / 82%
93% / 55%

89%
87%
90%
99%
83%

/
/
/
/
/

54%
69%
59%
72%
59%

#1
#2
#3
#5
#4

(12.74)
(12.23)
(13.41)
(25.11)
(13.55)

95% / 43%
72% / 84%
83% / 46%
97% / 63%
69% / 1%

1TQN, 3767
#1 (25.60)
#2 (21.19)
#3 (19.31)
#4 (28.37)
#23 (39.84)

atoms
73%
50%
50%
98%
76%

32%
65%
30%
38%
24%

#1
#2
#3
#8
#5

(25.60)
(21.19)
(19.31)
(40.98)
(28.02)

97%
62%
68%
81%
37%

/
/
/
/
/

46%
69%
25%
29%
14%

#1
#2
#3
#4
#5

(25.60)
(21.19)
(19.31)
(41.83)
(38.45)

97% / 60%
52% / 60%
62% / 23%
45% / 6%
5% / 2%

1AKD, 3208
#1 (17.24)
#2 (23.97)
#3 (16.29)
#30 (39.00)
#31 (38.74)

atoms
84% / 36%
9% / 12%
6% / 5%
97% / 31%
97% / 27%

#1
#2
#3
#8
#4

(17.24)
(23.97)
(20.37)
(39.90)
(31.39)

95% / 61%
36% / 24%
45% / 2%
60% / 16%
54% / 10%

#1 (17.24) 100% / 100%

#1 (17.30)
#2 (21.66)
#3 (25.09)

100% / 77%
100% / 74%
100% / 26%

#1 (17.30) 100% / 100%

/
/
/
/
/

1CQW, 2352 atoms
#1 (17.30) 100% / 84%
#2 (21.66) 100% / 62%
#3 (15.62)
17% / 11%
#4 (25.09)
99% / 57%
#10 (31.65) 98% / 50%

#1
#2
#3
#4
#5

(20.62)
(22.50)
(36.00)
(28.20)
(22.41)

Probe 1.1Å
CAVER RRTtd /RRTn

center
#1 (12.74)
#2 (12.23)
#3 (13.41)
#9 (25.11)
#4 (13.55)

0.9 and 1.1 Å, RRTtd finds the tunnel #1 with high probability
(90 % or more) for most of the tested proteins. The exception
is the protein 1BL8, where the first three tunnels are found
with 50–60 % success rate with probes 0.9 and 1.1 Å. The
reason is caused by the initial position, that is on the tip of
the protein (Fig. 3c). During the first phase of RRTtd , most
samples are generated inside the protein. The tree is therefore
attracted towards the protein, which decreases the probability
to expand the tree in the opposite direction, where the short
tunnel can be found. Therefore, other tunnels, e.g. #8 are found
by RRTtd more often (Fig. 3d) as these go through center of
the protein. Another starting position was tested (1BL8c in
Tab. I, Fig. 3c), where the success rates of finding the first
three tunnels are significantly higher.
Experiments have also shown superior performance of
RRTtd over RRTn , as RRTtd provides tunnels with significantly higher probability. It is worth to emphasize that RRTn
was run with 10 times more iterations Imax to enable the
construction of trees with similar number of nodes. This
shows that the introduced modifications of RRT for the tunnel
detection improve the planning process.
Tunnel detection in dynamic proteins was verified on a
sequence of 1,000 frames of protein Haloalkane dehalogenase
(DhaA) with probe rprobe = 1.0 Å. The tunnel detection on
these frames took approximately 10 min. The starting point
is never connected to the surface in a single frame, but the
connection can be found within each 4–5 frames. Examples of
these tunnels are shown in Fig. 4. Due to space limits, only
few images are shown in the experimental section. We refer to
http://mrs.felk.cvut.cz/mmar2016protein for more information.

(a) Tunnels in 1CQW,
probe 0.7 Å
Fig. 3.

(b) 1CQW tunnels only

(c) Start positions in
1BL8 and 1BL8c

(d) Tunnel #8 in 1BL8,
probe 0.9 Å

Tunnels detected by RRTtd are depicted in orange, green spheres show tunnels computed by CAVER.

(a) Frame 1

(b) Frame 2

(c) Frame 4

(d) Frame 1

(e) Frame 2

(f) Frame 4

Fig. 4. Example of the configuration tree (green, a–c) and tunnels (orange, d–f) in dynamic protein. Due to dynamics, the tunnels do not connect the initial
configuration (red sphere) with the protein surface in each frame.

VI.

C ONCLUSION AND FUTURE WORK

This paper deals with the tunnel detection problem, where
the task is to find a collision-free path from a site inside the
protein to its surface. We proposed a novel modification of
RRT planning method for this task. The configuration space
of each frame is sampled separately and the resulting tree
is further extended in the next frame to deal with protein
dynamics. The result of this sampling is a list of exit-points
where tunnels exit the protein, and a tree of collision-free
configurations. Tunnels in the dynamic protein can be detected
simply by finding paths in the configurations trees between the
exit-points and the starting configuration.
The proposed method computes tunnels for a spherical
probe. More realistic results can be achieved by considering
non-spherical ligands. which requires to sample 6D configuration space in each frame. To decrease the computational
burden, the samples can be generated around the previously
detected spherical tunnels or even around VD-based tunnels,
which is the subject for our future work.
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project No. 16-24206S and by internal CTU grant No.
SGS15/157/OHK3/2T/13. The experiments have been run
using Grid Infrastructure Metacentrum (project CESNET
LM2015042).

[2]

[3]
[4]

[5]
[6]

[7]

[8]

[9]

[10]

[11]

[12]

R EFERENCES
[1]
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analysis of transport pathways in dynamic protein structures. Pathways
in Dynamic Protein Structures, PLoS Computational Biology, 8(10),
2012.

[13]

J. Cortés, D. T. Le, R. Iehl, and T. Siméon. Simulating ligand-induced
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P. Banáš, C.-M. Ionescu, M. Otyepka, and J. Koča. Mole 2.0:
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