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A B S T R A C T

Background and objectives: Computer-assisted orthopedic surgical techniques and robotics has improved the 
therapeutic outcome of pelvic fracture reduction surgery. The preoperative reduction path is one of the pre
requisites for robotic movement and an essential reference for manual operation. As the largest irregular bone 
with complicated morphology, the rotational motion of pelvic fracture fragments impacts the reduction process 
directly. To address this, the primary objective of this study is to develop an efficient and effective algorithm for 
automatically planning the reduction trajectory in robot-assisted pelvic fracture surgeries.
Methods: After obtaining rotational and reorientated translational degrees of freedom through the initial and 
target positions of the fracture fragments, the initial path is acquired through improved path planning method 
combined with specific designed collision detection algorithm. The final reduction path is post-processed to be 
shortened and smoothed. The effectiveness of the algorithm was evaluated in various pelvic fracture models with 
surrounding muscles and was compared with prior relevant implementations.
Results: Simulation results showed the ability of the planner to save time and overcome the state of art in terms of 
collision detection, path length and smoothness, search time, and surrounding muscle stretching conditions.
Conclusions: The proposed method enables a reasonable reduction path for pelvic fracture, which is demonstrated 
to be superior in various pelvic fracture scenarios.

1. Introduction

Accounting for 2–8 % of all fractures, pelvic fracture is a serious, 
high-energy injury with a disability rate of about 60 % and a mortality 
rate of >13 % [1–3], both of which are the highest of all types of frac
tures. Pelvic ring disruption and fracture displacement are two main 
characters of pelvic fracture. Therefore, the first and most important 
step in surgical treatment is fracture reduction [4].As the intermediate 
connection of the body, poor pelvic fracture reduction may lead to 
deformed healing, unequal leg lengths, and secondary lumbar spine, hip, 
and knee dysfunction, which could seriously affect the patient’s life. 
According to long-term clinical follow-ups with large samples, persistent 
pain happened in 63 % of the patients [5], 28 % had sensory and motor 
abnormalities [6], and 32 % couldn’t continue their previous job [7].

In conventional surgery, open procedure is performed to expose and 
visualize the fracture, followed by empirically planning and manual 
reduction. However, due to the complexity of pelvic fractures and the 
limited precision of manual manipulation, this approach is often asso
ciated with a higher risk of infection and soft tissue failure, leading to 
prolonged hospitalization, rehabilitation time, substantial costs, 
together with empirically determined surgical outcomes [8,9]. 
Computer-assisted surgical techniques have been developed to alleviate 
these problems. Various (semi-)automatic deep learning-based seg
mentation methods have recently been proposed to create 
three-dimensional (3D) models of bone fragments that accurately 
represent the bones and fragments affected by injury [10–13]. Fracture 
line matching, contralateral mirroring template and statistical shape 
models (SSMs) provide effective reference for planning target position 
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for fracture fragments [14–17]. Surgical navigation systems and robots 
enable stable and accurate operations in closed fracture reduction sur
gery [17–20]. The above researches have focused on navigational 
localization and pelvic reconstruction to obtain the target position. 
However, the target position could not provide a concrete moving pro
gramme for the surgery. Rational preoperative planning is crucial in 
pelvic fracture reduction surgery to design optimal surgical paths and 
plans, enhancing the procedure’s safety and success rate. A reasonable 
reduction path can reduce intraoperative injuries, making it a prereq
uisite for automatic and safe operation of the robot and an important 
reference for manual reduction.

Anatomical knowledge-based manual planning is the simplest and 
commonly used method, with the reduction path being planned by the 
surgeon preoperatively, and then executed and adjusted intra
operatively. Dagnino et al. manually planned desired paths for their 
robot-assisted joint fracture reduction robot [9,21–23]. However, this 
approach is time-consuming and heavily reliant on the personal skills 
and experience of the surgeon. Therefore, scholars have classified and 
quantified the planned path to obtain rules free from subjective expe
rience. Westphal et al. developed a cost function that considered both 
the amount of distraction and rotation to determine the optimal direc
tion to the fracture region consistent with the soft tissue constraints [24,
25]. Du et al. defined a new long bone diaphysis fracture classification 
based on the application of computer-assisted orthopaedic surgery, and 
proposed a corresponding reduction path planning strategy based on 
different fracture types [26]. Subsequently, they proposed a preopera
tive planning criterion based on the shortest straight-line distance and 
safety, which contains three basic guidelines for reduction [27]. Based 
on these strategies, some simple path planning methods were devised. 
Ruihua Ye et al. designed an algorithm based on the shortest linear path 
for long bone simple fractures [28], where the reduction bone is rotated 
around the medial axis, and adjusted in real time during the operation to 
finally reach the target position. Kim et al. used a linear guidance 
constraint (LGC) controller to guide the distal fracture segment by uni
formly reducing translational and rotational misalignment, while the 
surgeon can manually modify the path at any time [19]. In our previous 
work, similar algorithm was devised for the generation of shortest 
reduction path [29]. One or several transition waypoints were set 
manually to avoid collision. The fractured bone moved to the waypoint 
in sequence and eventually came to the target position.

The above manual and semi-automatic methods could help surgeons 
to plan safe reduction path that meet the clinical requirements. How
ever, due to the subjectivity of surgeons, the planned path can barely be 
guaranteed to be optimal with the shortest moving distance and the least 
impact on the surrounding soft tissues. In addition, these methods are 
time-consuming.

Automatic path planning methods provide rational path from the 
current location to the target location within the working environment 
based on one (or several) predefined criteria. Nowadays, these methods 
are fruitfully employed in many fields, such as transportation, enter
tainment, mining, rescuing, education, military, space, agriculture etc. 
Commonly used path planning methods include artificial potential field 
method, graph-based method, sampling-based method, learning-based 
method and bionic method [30–34]. Among them, graph-search 
methods are based on the discrete approximation of the planning 
problem. They are "resolution complete" as they can determine in a finite 
time whether a solution exists, and "resolution optimal" as they can es
timate the best path given a specific resolution. With these character
istics, graph-based methods have been widely used in fracture reduction 
path planning over the last few years. Buschbaum et al. proposed an 
automatic path planning method for femur fracture reduction based on 
previous work of fracture line matching [15], where muscle forces 
during reduction are considered through musculoskeletal simulation 
models and the A* algorithm is used for reduction path planning after 
orientation adjusted. Similarly, Xu et al. utilized intersection test of 
real-time updated point cloud to detect collision, and incorporated 

muscle length constraints into the improved A* path planning method 
for femur fracture reduction after achieving rotational alignment, 
avoiding overstretching of the surrounding muscles during reduction 
[35]. Pan et al. proposed an improved 3D-OPS A* algorithm by combing 
orientation planning strategy (OPS) and liner sampling search (LSS) into 
A* algorithm, with rotation uniformly distributed along Z-axis during 
path search, and collision detection through octree combined with AABB 
bounding box [36]. Further, an OpenSim-based pelvic fracture reduc
tion model was constructed, and real-time reduction force based on this 
model was calculated and incorporated into path planning to obtain 
better path with less overall reduction force [37].

Notably, above methods take only three degree-of-freedom (DOF) 
movements into account for planning, and mostly adopt the reduction 
strategy of first traction then rotation and finally translation. The rota
tion and translation in the reduction process are split during operation, 
with the rotation aligned manually first, followed by improved A* 
method in the translation phase. This strategy is applicable for long bone 
fractures, which are regular in shape and have a large peripheral buffer 
space available for adjustment, but for the pelvis, where complex frac
tures are more difficult to reduce, translations followed by rotations may 
lead to large path redundancy. Binding the rotation with a certain 
translation direction to reduce the planning DOFs makes it difficult to 
obtain a feasible solution for such complex fractures. Meanwhile, the 
relative simpleness of these methodologies conflicts with the high 
computation time necessary to solve the optimal planning problem in 
high dimensional cases, as the discretization of the environment be
comes finer (so-called curse of dimensionality [38,39]). This has been 
mentioned in some previous researches [35–37]. Meanwhile, collision 
detection methods based on intersection test or the combination of 
Octree and AABB bounding box cannot satisfy the efficiency and high 
accuracy needs of surgical procedures.

To address this, the current study presents a new path planning al
gorithm capable of implementation on different pelvic fracture reduc
tion scenarios. This work attempts to fulfill the following criteria: (1)
fast and precise collision detection; (2) multi-DOF planning considering 
rotations; (3) balance between computational efficiency and moving 
distance; (4) less impact on surrounding tissues; (5) possibility of 
generating automatically.

2. Method

2.1. Overview

Fig. 1 depicts the main components of the proposed path planning 
method. The input consists of 3D reconstructed models of pelvic fracture 
fragments obtained by segmentation and target position for reduction 
based on our previous works [13,14]. The algorithm is comprised of four 
methodologies: 

a) Acquisition of search degree-of-freedom 
The dimensionality and direction for path search are required 

prior to planning. Rotation is incorporated as a separate DOF in the 
path search in addition to 3 DOFs of translation, which is obtained by 
the initial and target positions of fracture reduction. The trans
lational DOFs are also optimized for redirection to keep the move
ment evenly distributed in each direction.

b) Fast and precise collision detection 
The collision detection method consists of two main parts, 

bounding spheres formation and two-level collision detection. 
Compact personalized hierarchies of fracture fragments were 
generated firstly, with real-time updating of their positions during 
planning. Then triangular facets with collision potential through 
interaction between hierarchies and accurate results are obtained by 
means of precise detection.

c) Improved lazy A* path planning 
To combat the curse of dimensionality, the conventional A* 
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method is optimized to improve its computational efficiency by two 
aspects: (1) Postponing the collision detection part to reduce the 
number of collision tests. (2) Adjusting the computation of the 
heuristic function to improve its goal convergence.

d) Post smoothing 
For the problem of path redundancy, the initial path previously 

acquired is post-processed to be shortened and smoothed with the 3D 
model-based line-of-sight (LOS) algorithm. The desired reduction 
path is finally obtained.

2.2. Acquisition of search degree-of-freedom

2.2.1. Definition of rotational degree-of-freedom
Existing path planning methods generally focus on 3D spatial posi

tion of objects, and some flexible machines and vehicles also need to 
consider the kinematic accessibility of the path [30–32]. Nevertheless, 
pelvic fracture reduction is rather different, as poor rotational reduction 
of fracture fragments could have direct impact on surgical outcome. 
Therefore, it could be regarded as a proximity splicing task of objects in 
complex in vivo environment, where both translation and rotation of the 
fracture fragment should be considered. In this study, rotation is 
incorporated as a separate DOF in the path search. The initial and target 
positions of the fracture fragment are represented as 
{

Sstart =
[
xstart , ystart , zstart , 0→

]

Sgoal =
[
xgoal, ygoal, zgoal, RV̅→

] (1) 

Where Sstart is the initial state of the path planning, including translation 
parameters [xstart,ystart,zstart] and rotation parameters 0→ two parts. Sgoal 
is the target state of the path planning, contains the same parameters as 
above. [xstart,ystart,zstart] and [xgoal,ygoal,zgoal] are the centroid of each 
point cloud. Since rotational vector is adopted as rotational DOF in this 
study, 0→ is the rotation parameter of the initial state, and RV̅→ is the 
rotation vector (the product of the unit vector and the angle of rotation) 
transformed by the rotation matrix between the initial state and the 
target state. The subsequent search node representations are the same as 
in Eq. (1). These parameters could be transformed into the rotation 
matrix, and followed by the point cloud data of this node. In this study, 
the 3D principal axes of the point cloud of the initial state and the target 
state are obtained separately by principal component analysis (PCA) to 
get the rotation matrix between them, and finally RV̅→. It could also be 
obtained through registration method. Based on the above state pa
rameters, the search direction in this study contains four DOFs, namely 
translation in three directions and rotation around the rotation vector.

2.2.2. Redirection optimization of translational search
Notably, the fixed search step size for heuristic search may lead to 

mismatched resolution since the moving distance varied greatly among 
different pelvic fractures. Therefore, the line from [xstart,ystart,zstart] to 
[xgoal,ygoal,zgoal] is used as a diagonal line, and the displacements in the 
three directions corresponding to the diagonal line are segmented by a 
fixed number of steps NS instead of a fixed search step length, enabling 
adaptive adjustment of the search resolution. However, direct trans
lation on the original xyz-axis can result in significant differences in 
moving distance on different axes, as shown in the blue grid on Fig. 2(a). 
Since discrete collision detection method is adopted in this study, where 
one new position is subjected to one collision detection, to avoid over
crowded search in the direction of small moving steps and reduce the 
tunneling effect in the direction of large steps, homogenous distribution 
of the moving length in each direction is required. The green grid in 
Fig. 2(a) shows the optimized solution, capable of a larger search space 
than the blue grid with the same number of search nodes.

Low DOFs in the 2D plane make it feasible for translational optimi
zation, whereas redundant degree of freedom exists in 3D space, where 
the three directions perpendicular to each other are capable of rotating 
around the diagonal. Based on the ring-shaped characteristics of the 
pelvis, a geometric approach was devised, shown in Fig. 2(c). Firstly, the 
centroid of the whole pelvis after reduction is calculated through the 
reduction target position and the main pelvic fragment, which is Center 

in Fig. 2. One of the translational directions l1
→

is then set to be in the 

plane of Center, Start and Goal. The other two translational directions l2
→

and l3
→

can also be determined after l1
→

. The calculation of translational 
parameters is shown below. 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

l1
→

=

̅̅̅
1
3

√ (
VGS
̅→

⃒
⃒
⃒VGS
̅→
⃒
⃒
⃒

)

+

̅̅̅
2
3

√ (
VC
̅→

⃒
⃒
⃒ VC
̅→
⃒
⃒
⃒

)

l2
→

=

(
̅̅̅
3

√
(

VGS
̅→

⃒
⃒
⃒VGS
̅→
⃒
⃒
⃒

)

− l1
→
)

× l1
→

l3
→

= l1
→

× l2
→

dT =

⃒
⃒
⃒[xstart , ystart , zstart ] −

[
xgoal, ygoal, zgoal

]⃒
⃒
⃒

̅̅̅
3

√
NS

(2) 

Where VC
̅→ is the perpendicular vector from Center to the line on which 

Start and Goal are located, and VGS
̅̅→ is the direction vector from Start to 

Goal. dT is the translational step distance in each direction.
With the translational step obtained, the point cloud rotational 

displacement with the centroid of broken bone as the rotation centre 

Fig. 1. Overview of the proposed algorithm.
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(from the pose of initial state to target state) is calculated and divided by 
dT to obtain the number of rotational steps, and finally the angle of 
rotational step rv→. The approximation of the translational and rotational 
displacements in moving distance is guaranteed for each step. 

rv→=
RV̅→

round
(∑num

i=1 |
Goal
StartR⋅[xi , yi , zi ]́ − [xi , yi , zi ]́ |

num×dT

) (3) 

Where Goal
StartR is a 3 × 3 rotation matrix converted from RV̅→. [xi,yi,zi] is the 

point of the fracture fragment point cloud at initial state. num is the 
number of points in the point cloud.

2.3. Fast and precise collision detection

Collision detection between bone fragments is inevitable during 
planning. The conventional AABB Octree method (Octree combined 
with AABB bounding box) was frequently applied in computer-aided 
surgery [36,37,40–42], with its simple and rapid construction of hier
archical tree and collision detection. Nonetheless, AABB Octree method 

Fig. 2. Redirection optimization of translational search. (a) Search based on the original axes (blue grid) and optimized axes (green grid), with the optimized search 
moving uniformly in all directions; (b) Pelvic fracture model, Center is the centroid of the whole pelvis after reduction, Start and Goal are the centroids of the fracture 

fragment at the initial and target position respectively; (c) The optimized directions are obtained by firstly getting l1
→

through VC
̅→ and VGS

̅̅→, then l2
→

and l3
→

.

Fig. 3. Two level collision detection based on bounding sphere hierarchy. (a) Pelvic fracture model with collision overlaps between bone fragments, read region is 
where collision occurs. (b)~(d) are the fast detection phase, with overlap between bounding spheres of two hierarchies is checked layer-by-layer, up to the basic 
spheres. (e) is the precise detection phase, where intersection of their corresponding triangular facets is examined.

C. Shi et al.                                                                                                                                                                                                                                      Computer Methods and Programs in Biomedicine 261 (2025) 108591 

4 



requires reasonable size of minimum bounding boxes, with undersize 
may result in voids leading to discontinuities in the model, and oversize 
can lead to large errors. Above problems are unacceptable for 
high-precision surgical procedures. To address this, a fast and precise 
collision detection method for detailed and complex physiological 
structures is applied to path planning, which is comprised of bounding 
spheres formation and two-level collision detection two parts.

The bounding sphere hierarchies of candidate models are created 
prior to collision detection, according to following steps: (1) Circum
spheres are used as the bounding units for basic triangular surfaces, and 
a specific surface subdivision method is devised to provide better tight 
wrapping of the model. (2) Hierarchy of bounding spheres established 
by improved Bi K-means clustering method, with detailed adjustments 
implemented.

The real-time position and orientation of models are obtained from 
during planning, allowing the constructed hierarchy to be exploited. 
Shown in Fig. 3, two-level collision detection is implemented for 
enhanced efficiency: (1) Fast detection phase, the overlap condition 
between bounding spheres of two hierarchies is checked layer-by-layer, 
up to the basic spheres. (2) Precise detection phase, for overlapping 
basic spheres, the intersection of their corresponding triangular facets is 
further examined. With the above steps, the detection is capable of 
rapidly reaching the basic triangular facets of fracture fragments, thus 
enabling fast and accurate collision detection. More technical details are 
described in [43], which has been proven to outperform the commonly 
used AABB Octree method.

2.4. Improved Lazy A* path planning

2.4.1. Traditional A* method
As a classical path planning method, A* algorithm combines the 

advantages of the Dijkstra and BFS (Breadth-First-Search) algorithms 
and is capable of finding the minimum estimation path in a static search 
grid through heuristic function. Path with the smallest valuation could 
always be obtained by A* algorithm in case of paths existing in the 
search grid [33]. The standard heuristic function is: 

f(n) = g(n) + h(n) (4) 

Where f(n) is a heuristic function consisting of the actual moving cost g 
(n) for that node to the initial position and the estimated moving cost h 
(n) for that node to the target position. The moving cost is normally 
computed in terms of Manhattan distance or Euclidean distance, the 
latter being used in this study.

2.4.2. Improved method
The traditional A* algorithm is simple with the advantages of "res

olution complete" and "resolution optimal". To reduce the impact of the 
"curse of dimensionality", the workflow of the algorithm and the heu
ristic function are adjusted in this research. The function of various lists 
available to the method is shown in Table 2. Specific steps are described 
as follow.

Step 1: Initialization. Adding the initial state and its heuristic func
tion value (f(n)) to the Open List and g List to initialize each list, where 
the actual moving cost of the initial state g = 0. To reduce computational 

effort, the search is performed in the inverse way, taking the target 
position of fracture reduction as the initial state of the search.

Step 2: Select the node to be extended. The node with smallest f(n) is 
selected from the Open List, and detected whether it has reached the 
target state. If so, jump to Step 6. If not, continue to Step 3.

Step 3: Collision detection. Find the detection result of this node in 
the Collision List, if no result is detected, then perform the collision 
detection method in Section 2.3 and add the detection result to the 
Collision List. Remove this node from the Open list and add it to the 
Close list.

Step 4: Expand the node and calculate the moving cost of child 
nodes: If no collision occurs at this node, expand it with four search 
DOFs from Section 2.2 to obtain 34–1 = 80 extended nodes, and assign 
the f(n) of each child node by Eq. (5) and add it to the Open List. 

f(n) = g(n) + w ∗ h(n) (5) 

Eq. (5) adjusts the weight of g(n) and h(n) in f(n). When w > 1, the 
algorithm converges to the BFS method, which is more goal-directed and 
improves the overall computational efficiency, but also reduces the 
constraint of the path length, which makes the generated path longer. 
The change is more obvious with larger w. Integrating computational 
effort and path length, w=1.5 in this research.

g(n) of the child node is the g(n) of expanded parent node plus the 
moving distance from parent node to the child node. Due to the inclusion 
of rotational DOF, the above moving distance are calculated as the 
average moving distance of all points on the model point cloud. Taking h 
(n) as an example: 

h(n) =

∑num
i=1

⃒
⃒
⃒[xi, yi, zi] −

[
xgoal i, ygoal i, zgoal i

]⃒
⃒
⃒

num
(6) 

Where [xi,yi,zi] is the point of fracture fragment point cloud of the node, 
and 

[
xgoal i, ygoal i, zgoal i

]
is the point on the reduction target state point 

cloud corresponding to [xi,yi,zi].
If the node collides, back to Step 2.
Step 5: Update each list. Search the extended child node in the g List, 

if the node does not exist or the g value calculated in Step 4 is less than 
that in the g List, then update the g List and the Parent-child List. The 
decision to update the Open List is then determined in the same way 
through comparison of the f-values. Then back to Step 2.

Step 6: Obtain the initial path. Once the search reaches the target 
state, the path is backtracked through the Parent-child List. Through 
iteratively finding the parent node, the path from the target state to the 
initial state is finally obtained, which is the optimal moving path based 
on the f(n).

2.5. Post smoothing

With the adjustment of the heuristic function for efficiency, the 
generated path may be redundant. Meanwhile, due to the uniform dis
cretization of the space, the generated initial path is fixed by the shape of 
the mesh, as shown by the red path in Fig. 4. With many unnecessary 
turns, the blue path is not the optimal path. Therefore, the line-of-sight 
algorithm (LOS) is employed to optimize the initial path. The nodes on 
initial path [S0,S1,S2,⋅⋅⋅, Send], where S0 = Sstart and Send = Sgoal. Firstly, 
taking S0 as one end to connect with its farthest end Send and interpo
lating uniformly on the connecting line (yellow stars in Fig. 4), where 
collision detection is performed on these intermediate states. If all these 
states are collision-free, the direct movement from S0 to Send without any 
collision is feasible, and the path could be shortened through removing 
the interval nodes [S1,S2,S3,⋅⋅⋅, Send − 1]. If any collision happens, the 
other end is pushed forward to detect possible direct movement between 
S0 and Send − 1. Repeat the above reachability test, and push the node 
backward after ending S0 until the whole path has been post smoothed. 
The post-processed path is shown as the blue path in Fig. 4. The optimal 
reduction path is finally obtained.

Table 1 
Implication of each list.

Notification Implication

Open List Node-set to be extended, including translational and rotational 
parameters and their evaluations

Close List Extended node-set, with the same content as above
Collision List Collision detection results of nodes
g List The actual moving cost of nodes (from initial position)
Parent-child 

List
Node-set preserving parent-child correspondences
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3. Experimental evaluation

Models of four patients with real pelvic fractures of various formats 
were specifically selected for experimental validation (2 males and 2 
females, aged 36, 62, 47, 53 respectively). These CT data were acquired 
from Beijing Jishuitan Hospital. All the patients received abdominal CT 
scan. The CT scans were acquired on a Toshiba Aquilion scanner. The 
average voxel spacing is 0.82 × 0.82 × 0.94 mm3 The average image 
shape is 480 × 397 × 310. The simulation experiments were performed 

on a Windows 10 computer with Intel(R) Core(TM) i7–8700 CPU @ 3.20 
GHz 3.19GHz. The original CT data in DICOM format were first manu
ally segmented by surgeons with extensive clinical experience and then 
reconstructed as 3D models with point cloud extraction using software 
3DSlicer [44].

The fractures are externally rotated sacroiliac joint dislocation, 
internally rotated sacral fracture (sacral fragment and iliac are con
nected), acetabular fracture with displacement of the ischium, and 
upper and lower pubic ramus fracture with internal rotation of the main 
iliac fragments respectively. Based on traditional Tile pelvic fracture 
classification [45], the four fracture types were C1–2, C1–3, A2 and B1. 
However, in contrast to the tile typing based on the stability of the pelvic 
ring, the ease of pelvic fracture reduction path planning is dominated by 
spatial mobility of the displaced bone fragments and the complexity of 
the surrounding obstacles. Due to the complexity of pelvic fracture, the 
reduction of major fracture fragment was the primary task of the 
experiment, with other parts of the pelvis having been moved to the 
desired anatomical position through previous works [14] and regarded 
as the fixed part during reduction. With the circumferential morphology 
of the pelvis, major obstacles for fracture reduction stem from the oc
clusion of one or both sides of the bone fragments. The above types are 
labeled as I, II, III and IV, with spatial mobility of the moving fragment 
from high to low. Based on this, three experiments were devised to verify 
the effectiveness of proposed method. For each simulation experiment, 
the same set of parameters was repeated 5 times, and for non-constant 
parameters such as search time, the mean value was taken as the final 
result.

Fig. 5

Fig. 4. Post smoothing process. The red path is the initial path generated by A* 
algorithm. The blue path is the path after post smoothing. Yellow stars are 
intermediate states obtained by interpolation.

Fig. 5. Four pelvic fracture models for simulation experiments. I is externally rotated sacroiliac joint dislocation. II is internally rotated sacral fracture with the 
connection of sacral fragment and iliac during pre-planning. III is acetabular fracture with displacement of the ischium. IV is upper and lower pubic ramus fracture 
with internal rotation of the main iliac fragments.
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3.1. Innovation verification

The validation of optimizations on A* method was implemented first. 
The experimental results are generated under the premise of keeping the 
other parts unchanged except the comparison part, including: (1) The 
efficiency and length of generated path of redirection optimization on 
translational search. (2) The impact of number of steps NS on path 
search. (3) The impact of w on path search. (4) The impact of algorithm 
restructuring to postdate collision detection on path search. (5) Post 
smoothing.

The search efficiency of an algorithm is primarily quantified by the 
search time. For variable control, the search time for comparison is 
limited to the time needed for path search (part 2.4), and the pre
processing and post-processing time are excluded. The final generated 
path consists of a series of intermediate states [S0,S1,S2,⋅⋅⋅, Sn], so the 
path length l in this study is the sum of distances of the intermediate 
states in order, which is calculated as follows: 

l =
∑n

j=1

∑num
i=1

⃒
⃒ Sj ∗ [xi, yi, zi] − Sj− 1 ∗ [xi, yi, zi]

⃒
⃒

num
(7) 

Where Sj*[xi,yi,zi] is the point of fracture fragment point cloud of state Sj, 
S0 is Sstart and Sn is Sgoal. The search time and path generation length are 
calculated consistently throughout simulation experiments.

3.2. Comparison on different path planning method

Since translation and rotation are both considered in the planning 
process, path planning methods that separate translation and rotation 
are excluded. The generated paths are compared with that of a 3D path 
planning method with rotationally uniform interpolation along the z- 
axis [35] and a previously devised semi-automatic path planning 
method based on a linear planner [29]. Notably, since the fracture 
fragment is quite close to the other parts in both initial and target po
sitions, the AABB Octree method in 3D planning was no longer 

applicable and was replaced by the collision detection method on Sec
tion 2.3. The same collision detection method allows for better control of 
variables, thus reflecting the differences between the two methods.

3.3. Muscle stretching during reduction

In addition to the avoidance of obstacles between fractures, mini
mizing damages to the surrounding tissues and avoiding overstretching 
were also required, so changes in the length of relevant muscles during 
reduction were observed experimentally. Through relevant researches 
[46–48], nine groups of muscles, shown in Fig. 6(a), namely gluteus 
maximus, gluteus medius, gluteus minimus, tensor fasciae latae 
(together with iliotibial band), iliacus, psoas major, adductor longus, 
adductor magnus, and biceps femoris longus were ultimately selected as 
the main muscles during fracture reduction. Since the CT data of the 
pelvis usually lacked the complete lower limb, the bones of lower limb 
were moved to the corresponding position by deformation alignment, 
and then the attachment points of the above muscles were tracked to 
obtain the real-time length of each muscle. Skeletal muscles around the 
pelvis were categorized into three types according to their morphology: 
fusiform, unipennate and pennate muscle, with representative muscles 
being the biceps femoris longus, gluteus medius, gluteus maximus and 
psoas major. Fig. 6(b)~(d) shows the calculation of their lengths, with 
the fusiform is simplified as the length between two muscle attachment 
points, the unipennate is the average distance between multiple 
attachment points uniformly selected from one side of the attachment 
region to a single attachment point on the other side, and the pennate 
was the average distance between points uniformly taken on both sides 
along the direction of the muscle fibers. Notably, the iliacus and psoas 
major muscles wrap around from the anterior side of the pelvis and were 
therefore resistant to being simplified to a straight line between two 
attachment points. Therefore wrapping points were chosen to better 
approximate the length of the muscle, as shown in Fig. 6(e), where one 
side of the attachment points converges on the wrapping point before 
connecting to the other side of the attachment point of the muscle. To 

Fig. 6. Stretched muscles being observed and calculated during reduction. (a) Muscles considered during fracture reduction. ① to ⑨ are psoas major, iliacus, gluteus 
minimus, gluteus medius, gluteus maximus, adductor magnus, tensor fasciae latae (together with iliotibial band), adductor longus, and biceps femoris longus 
respectively. The left side of (b)~(e) shows the muscle morphology of the biceps femoris longus, gluteus medius, gluteus maximus and psoas major, and the right side 
shows the calculation of their lengths (taking model I as an example). For accurate calculation, the psoas major muscle needs to add a separate wrapping point.
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approximate the lower extremity being pulled by a traction device 
during reduction, the position of the femur was translated with the ac
etabulum during movement of the fragment, but its rotation posture 
remained unchanged. Changes of muscle length were calculated and 
compared for four fractures with different generated path, with III only 
took adductor longus and adductor magnus into consideration.

4. Result and discussion

4.1. Redirection optimization of translational search

Shown in Table 2, the computational efficiency and generated path 
length of uniform interpolation is worth than that of the optimized 
method, except for the slightly longer generated path of III. This would 
happen in the case of fractures where the intensive search is in the same 
direction as the path rounding, which has a lower probability of 
occurrence. Optimization contributes to the improvement of the search 
efficiency of the algorithm and has less impact on the length of the 
generated paths as uniform search in all directions is guaranteed. For I 
and IV, the optimized search time is only about 1/4 of that of the uni
form interpolation due to excessively small travel distances in one 
direction.

4.2. The impact of NS

Table 3 shows the translational step length (rotational step length is 
close to it), search time and final generated path length for NS=10, 15, 
20, 30. As NS increases, the search step length decreases and the sam
pling of the search space becomes more intensive, and thus the final path 
generated by the algorithm are generally shorter, as evidenced by the 
results of path length. However, the detailed search leads to an increase 
in computational effort. For model II, the search time of NS=30 is 10 
times longer than that of NS=10, without significant reduction in the 
path length. For model III, it is >24 times. For balance of search effi
ciency and search effectiveness, NS=15 is chosen as the optimal 
parameter.

4.3. The impact of w

w was tested from 1.0 to 2.0 (at 0.1 interval) to demonstrate its effect 
on search results. Shown in Fig. 7, the search time first decreases rapidly 
as the value of w increases, and then stabilises after 1.5. When w=1, it is 
a standard heuristic function similar to that of traditional A* method. 
The search time of each model at w=1.5 is about 1/100 ~ 1/800 of that 
at w=1, among which III changes from 13,758.47 s to 17.58 s, and IV 
changes from 36,438.96 s to 60 .02s. The length of generated path varies 
inconspicuously before w=1.5, and starts to increase gradually after 1.6. 
When w>1, the proportion of the estimated cost h(n) in f(n) of a node 
increases, so that the nodes closer to the target location has a smaller 
value of f(n). The goal convergence of the search is intensified with the 
increase of w, which enables higher search efficiency. However, efficient 
search leads to inevitable detours that is hard to be eliminated by sub
sequent post smoothing, which makes the length of the generated path 

increase. Similar to 4.2, to balance the search efficiency and path length, 
w=1.5 is chosen as the optimal value.

4.4. Algorithm restructuring

From Table 4, it is visible that the restructuring of the algorithm has 
no impact on the process and results of the search, but its collision 
detection time is greatly reduced, which leads to significant decrease in 
the search time to about 1/12 to 1/3 of the traditional method. The 
traditional algorithm performs collision detection on the expanded child 
nodes initially and selects all non-collision child nodes for subsequent 
operations. Nevertheless, not all 80 child nodes obtained through 
expansion are selected for further expansion, and the collision detection 
of unselected nodes is undesirable. While specific collision detection 
method has been applied in this study, it still requires substantial 
computational effort. Therefore, the improved method postpones the 
collision detection and performs it after the child node is selected to be 
expanded, which reduces the number of collision detections to about 1/ 
10 of the original one and thus improves the search efficiency.

4.5. Post smoothing

From Section 4.2, w=1.5 improves the search efficiency, but also 
generates redundant paths and makes it longer. After post smoothing, 
the curved path is straightened and shortened, thus breaking the limi
tations of grid search. Shown in Fig. 8 and Table 5, the smoothed path 
not only reduces the length by 10 %~15 %, but also greatly reduces the 
number of turns, which meets the moving requirements of the surgical 
robot.

4.6. Results on different method

The proposed method was compared with 3D augmented A* in [36], 
and Semi-automatic method based on linear planner in our previous 
work [29]. While the 3D augmented A* takes rotational DOF into 
consideration, it associates the rotational DOF with Z-axis rather than 
adding it as a separate DOF to the path search. Due to the low DOFs, this 
method is applicable for cases with large movable space for bone 

Table 2 
Comparison between uniform interpolation and redirection optimization.

Each translational direction length(mm) Nodes in 
Close List

Nodes in 
Collision List

Path length 
(mm)

Search time 
(s)

I Uniform Interpolation [0.07,1.97,1.07] 68 369 56.67 98.84
Optimized 1.29 25 94 54.78 26.84

II Uniform Interpolation [0.62,0.70,0.93] 303 880 28.61 543.78
Optimized 0.76 211 606 28.45 309.63

III Uniform Interpolation [1.24,0.46,0.65] 26 131 27.98 26.15
Optimized 0.85 23 99 28.01 17.58

IV Uniform Interpolation [0.58,0.66,0.13] 264 376 17.79 246.38
Optimized 0.51 33 128 17.40 60.02

Table 3 
The impact of NS on path search.

NS 10 15 20 30

I Translational step length (mm) 1.93 1.29 0.97 0.65
Path length (mm) 57.48 54.78 54.14 54.24
Search time (s) 15.67 26.84 41.25 77.64

II Translational step length (mm) 1.14 0.76 0.57 0.38
Path length (mm) 29.85 28.45 28.14 28.56
Search time (s) 188.65 309.63 650.65 3282.78

III Translational step length (mm) 1.27 0.85 0.64 0.43
Path length (mm) 29.55 28.11 27.73 27.81
Search time (s) 11.13 17.58 75.49 413.17

IV Translational step length (mm) 0.77 0.51 0.38 0.26
Path length (mm) 18.69 17.40 17.36 17.21
Search time (s) 45.03 62.02 80.02 117.72
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fragments, as in I and II. For III and IV, no feasible paths could be ob
tained. Shown in Fig. 9, the proposed method outperforms the other two 
in terms of path length and computation time. The proposed method is 
about 90 % of 3D augmented A* and 40 %~70 % of semi-automatic 
methods in terms of path length. The superiority of the method in 
search time is more significant, with 6 %~25 % of 3D augmented A* and 
about 7 % of semi-automatic method (36 % for II). Fig. 10 shows the 
generated path for four pelvic fracture models based on different 
methods. The paths resulting from the proposed algorithm are smoother 
and closer to curves, and the number and angle of turns are smaller 
compared to the 3D augmented A* method. The results of 
semi-automatic planning method are consistent with the manual 
reduction process of surgeons which is the steps of ‘dis
traction-alignment-translation-close’. Therefore, significant path 
redundancy exists in the semi-automatic paths, and the path length is 
the longest. As a complement to the reduction path line in Fig. 10, the 
attached videos (Model_I.mp4, Model_II.mp4, Model_III.mp4 and Mod
el_IV.mp4) could better demonstrate the rounding of the fractured bone 
and its own pose changes as it moves. For better visualization of the 3D 
path, different views of the pelvis are shown in the video, including inlet 
anteroposterior projection, outlet anteroposterior projection and over
view of the pelvis.

4.7. Changes of muscle stretching on different paths

Shown in Fig. 11–14, the muscle stretching along the path generated 
by the proposed algorithm is smoother compared to the other two 
methods. Through taking rotation as a separate search DOF with redi
rection of uniform translation, the proposed algorithm has a relatively 
homogeneous change of movement for each search step. The 3D 
augmented A* method binds rotation to the Z-axis, so that movement of 
the model along Z-axis produces simultaneous rotational motion, 
resulting in more pronounced muscle stretches, especially for larger 
translation distance on the Z-axis. For semi-automatic paths, the muscle 
stretch changes are more complex and may even be dramatic due to the 
rough manual planning of obstacle avoidance.

Since muscle force normally proportional to muscle length, the 
calculation of force doing work was simulated by integrating and sum
ming the length change of muscles with integrating value of muscle 
stretch greater than 0. Due to the large path redundancy, semi-automatic 
paths are significantly higher than the other two methods. Fig. 15 shows 
that the integrating value of the proposed method is about 90 % of that 
of 3D augmented A* method. Therefore, the proposed method better 
satisfy clinical requirements of fracture reduction with stable muscle 
stretching and lower muscle doings.

Fig. 7. Impact of different w on path search. (a)~(d) represent the results of 
Models I to IV, respectively. The green dots are the results for w = 1.5 chosen in 
this algorithm.

Table 4 
Comparison of search results before and after algorithm restructuring.

Nodes in 
Close 
List

Nodes in 
Collision 
List

Path 
length 
(mm)

Search 
time 
(s)

I Traditional 
method

25 1427 54.78 218.81

Improved method 25 94 54.78 26.84
II Traditional 

method
211 2754 28.45 840.56

Improved method 211 606 28.45 309.63
III Traditional 

method
23 1145 28.11 119.30

Improved method 23 95 28.11 17.58
IV Traditional 

method
33 1388 17.40 551.62

Improved method 33 128 17.40 62.02
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5. Discussion

5.1. Analysis on simulation results

Conventional preoperative planning for pelvic fracture reduction 
emphasizes on high-precision reconstruction of the fractured pelvis, 
with minimal consideration on how to move the displaced bone frag
ments to the target location. To address this, an automatic path planning 
algorithm that incorporates both translation and rotation is proposed. 
Through separately defined search direction of rotating around RV̅→, the 
search could cover both translational and rotational degrees of freedom, 
thereby allowing fracture fragments to rotate around obstacles. As 
shown in Fig. 10(b), since the rotation is a separate degree of freedom, 
the fracture fragments are more flexible without detouring around far to 
reach the target position through obstacles, the path generated in this 
study is shorter and smoother compared to the 3D augmented A* 
method, which adapts the requirements of robotic locomotion and 
clinical fracture reduction. The translational redirection and optimiza
tion of the structure of the improved algorithm (including adjustment on 
heuristic function and algorithm architecture) designed for the high- 
dimensional search efficiency problem of the traditional A* algorithm 
reduces the search time to 1/100~1/1000, while the final path length 
after smoothing post-processing has no significant increase, which re
alizes the balance between search efficiency and search effectiveness of 
the algorithm.

The avoidance of secondary intraoperative injuries is an important 
consideration for clinicians. It is generally believed that less movement 
of the injured site and pulling of tissues around the incision result in 

lower intraoperative risk of secondary injuries and faster postoperative 
recovery of the patient [49,50]. Through the Table 4 and Fig. 10(a)(b), 
the smoothing post-processing makes the final generated path consist of 

Fig. 8. The path before and after post smoothing. The red line is the initial path before smoothing with many turns. The green line is the final path after smoothing.

Table 5 
The effect of post smoothing.

Path length (mm) Number of turns

I Before 61.01 13
After 54.78 2

II Before 32.72 10
After 28.45 4

III Before 31.44 14
After 28.11 4

IV Before 19.94 12
After 17.40 3

Fig. 9. Contrast of results generated by different methods. (a) Path length 
generated by different methods. (b) Search time by different methods.
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only several intermediate nodes with low variability. Combined with the 
high degree of freedom for flexible bending, this enables smoother 
muscle stretching state changes at only a few nodes. In contrast, the 3D 

augmented A* algorithm generates paths with large number of turning 
nodes with high turning angles (Figs. 11 and 12). Semi-automatic path 
planning methods are more obvious than 3D augmented A* in this 

Fig. 10. Paths generated by different methods. (a)~(d) are the path planning results for model I to IV, respectively. The green, blue and pink lines are the results of 
the proposed method, 3D augmented A* method and semi-automatic method. The red, blue and green arrows are utilized to show the rotational pose of the model at 
that position.
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respect. Thus the path generated based on multi degree of freedom 
planning has a shorter path length with smoother muscle stretching and 
lower total muscle stretching, which meets the clinical safety re
quirements. As the first known path planning method for fracture 
reduction that considers rotation as a separate DOF in the path search, it 
outperforms previous 3D methods and semi-automatic methods in terms 
of collision detection, path length and smoothness, search time, and 
surrounding tissue stretching conditions.

With the circumferential morphology of the pelvis, the ease of pelvic 
fracture reduction path planning is dominated by spatial mobility of the 
displaced bone fragments and the complexity of the obstacles on one or 
both sides. On this basis, four pelvic fracture types that included 
different fracture locations together with fracture reduction occlusion 
scenarios were selected specifically, that is, unilateral occluded without 
fracture line (model I),unilateral occluded restoration with fracture line 
(model III), and bilateral occluded restoration with fracture line (models 

II and IV corresponding to different rotational situations).In contrast to 
previous pelvic fracture reduction algorithms using only sacroiliac joint 
dislocations for testing [35,36], the fracture types selected for this study 
were more comprehensive, containing sacroiliac joint dislocations, 
sacral fractures, and iliac fractures, and taking both internal and 
external rotation of the fracture into account. The models for experi
ments include multiple pelvic fractures that are applicable to pelvic 
fracture reduction robots, expanding the indications available for 
reduction path planning.

5.2. Limitations and future works

The study is based on the classical A* algorithm, which is capable of 
obtaining the optimal unique path in the searched through sufficient 
computation. However, the curse of dimensionality problem of the al
gorithm is not resolved completely and the computational time required 

Fig. 10. (continued).
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by the algorithm still increases sharply as the computational dimen
sionality rises [34]. Only one-dimensional rotation DOF was added to 
the path search in this study, and the optimized computational effi
ciency is acceptable. Since intraoperative traction provides sufficient 
movement space for pelvic fracture reduction, 4 DOF path planning has 
been verified to satisfy common robotic fracture reduction surgeries, but 
there are still complex fracture scenarios that are difficult to obtain 
reduction path. This type of fracture requires higher dimensional path 
planning solutions. Sampling-based and intelligent path planning 
methods [30–32] will be introduced in the future to realize higher DOF 
path planning and to balance computational time with computational 
efficiency.

On the other hand, the collision-free path planning method based on 
this paper only considers the geometry of the bone fragments and is 
suitable for preoperative planning. The generated reduction path could 
be impractical in clinical application due to resistance of the 

surrounding soft tissues and small bone fragments that might be 
neglected in the three-dimensional reconstruction. Repetitive waiting 
for the re-planned path might be unacceptable. In addition, testing for 
changes in stretch of the surrounding tissues was simple, with only the 
muscle stretch length was calculated instead of the muscle force. The 
stretching forces generated by different muscles may be superimposed 
or cancelled with each other due to their different attachment sites. For 
such issues, an in vivo simulation platform for pelvic fracture is required 
in further research [36,48], where musculoskeletal models suitable for 
pelvic fracture are designed to simulate the reduction force and incor
porated into the subsequent reduction path planning to make the 
generated preoperative path more relevant to the in vivo scenario. In 
addition, intelligent strategies based on reinforcement learning will also 
be considered in our future study [51,52], which is capable of 
responding to intraoperative emergencies unconsidered preoperatively 
through strategy learning to guarantee the safety of the reduction 

Fig. 11. Variation in length of different muscle stretches during fracture 
reduction of model I. (a) Proposed method. (b) 3D augmented A* method. (c) 
Semi-automatic method.

Fig. 12. Variation in length of different muscle stretches during fracture 
reduction of model II. (a) Proposed method. (b) 3D augmented A* method. (c) 
Semi-automatic method.
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process.
Expansion of the indications and in vivo study are also part of further 

works. As preliminary research of multi-degree-of-freedom path plan
ning, it only takes the cases of single bone fragment displacement into 
consideration, with the other bone fragments moved to the desired 
anatomical position by default. However, in the presence of multiple 
large bone fragments, preoperative planning requires consideration of 
the effect of the motion of individual fragments on surrounding frag
ments, and the sequence of the fragments motion is also an essential part 
of planning. Based on the proposed method, the reduction sequence of 
the fragments could be programmed manually by surgeons and thereby 
generating a preoperative scheme with reduction paths. Incremental 
sampling-based task and motion planners [53] for multiple bone frag
ments will also be considered to solve this problem automatically. 
Simulation models are challenging in matching realistic clinical patient 
scenarios given the complex human pelvic structure and individualized 
differences in injuries, thus in vivo studies are essential. In further work, 
experiments will be implemented in collaboration with the developed 
pelvic fracture repositioning robot to investigate the specific problems 
encountered in clinical applications.

6. Conclusion

The article described a solution for the definition of feasible path
ways for robotically actuated reduction operation in a pelvic fracture 
surgical scenario, which represents a typical example of volumetric 
object movement in dense environment characterized by narrow spaces. 
Specialized collision detection method based on bounding sphere hier
archy enables fast and precise testing. Rotational alignment operations 
are incorporated into path search by including rotation around the 
specified axis as a separate degree of freedom. Translational redirection 
and the optimized Lazy A* algorithm facilitate the generation of initial 

paths. The final post smoothing procedure further smoothes and 
shortens the path. Various pelvic fracture models validate the applica
bility and superiority of the proposed method. The optimized algorithm 
reduces the search time to 1/100~1/1000 without a significant increase 
in the final path length, achieving a balance between search efficiency 
and search effectiveness. Meanwhile, the muscle stretching condition of 
the path generated is also optimal compared to other methods.

Future work attempts to further enhance the search DOFs to 
accommodate more complex fracture scenarios. Moreover, personalized 
pelvic fracture biomechanical models as well as continuous collision 
detection algorithms are required for subsequent better planning. The 
feasibility of the planned paths should also be in vivo validated in 
further experiments.

Fig. 13. Variation in length of different muscle stretches during fracture 
reduction of model III. (a) Proposed method. (b) Semi-automatic method.

Fig. 14. Variation in length of different muscle stretches during fracture 
reduction of model IV. (a) Proposed method. (b) Semi-automatic method.

Fig. 15. Integrating value of the length change of muscles during reduction 
based on different method.
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