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Aiming at the puncture and drainage of clinical intracranial hematoma, we proposed an adaptive bifurcation algorithm based on
the hematoma point cloud and optimized the design of the drainage tube. Firstly, based on the CTdata of intracranial hematoma
patients, a three-dimensional hematomamodel was established, the point cloud on the surface of the hematoma was extracted and
simplified, and the location of the main drainage tube was located by using the long-axis extraction algorithm. Secondly, the Eight
Diagrams algorithm was used to identify the internal point cloud of hematoma, and the positions of multiple absorption points
were determined by the K-means clustering algorithm. -e locations of the bifurcation points of the main drainage tubes were
calculated by the numerical method, and the telescopic lengths and directions of multiple subdrainage tubes were obtained.
Finally, connect the main tube and the subtube, design an adaptive bifurcation drainage tube model, and apply it to intracranial
hematoma puncture and drainage surgery. -e algorithm can accurately determine the puncture point, puncture path, number,
and location of subdrainage tubes according to the geometric characteristics of hematoma, achieve a uniform and accurate dose
adjustment and drainage of intracranial hematoma, and accelerate the dissolution and drainage speed. -e application of an
adaptive bifurcation drainage tube can significantly reduce the risk of intracerebral hemorrhage, intracranial infection, and other
complications, which has certain guiding significance and application value in clinical practice.

1. Introduction

At present, craniotomy is often used clinically to remove
intracranial hematoma in patients. Patients with hematoma
have a long anterior and posterior diameter, which is dif-
ficult to expose during the operation, requires a larger bone
window, and repeatedly stretches the cortex. -e operation
is more difficult and the hematoma removal rate is low. -e
patient has a poor prognosis [1]. In recent years, minimally
invasive hematoma removal by hematoma puncture and
drainage can reduce the surgical incision, facilitate timely
removal of hematoma, quickly improve intracranial pres-
sure, do a good job in the prevention, control, and treatment
of secondary brain injury, and relieve the damage of he-
matoma tissue to nerve cells [2]. Neuronavigation hema-
toma puncture technology can quickly and accurately

remove an intracranial hematoma, intraoperative puncture
direction, puncture point, and puncture depth can be
controlled, and the drainage tube can be easily and accu-
rately placed into the hematoma cavity, avoiding the
blindness of traditional puncture [3]. It is an important
means for clinical treatment of cerebral hemorrhage and
improvement of prognosis. However, the small hole at the
end of the traditional drainage tube is embedded in the wall
of the main tube, and the diffusion rate is low and slow, thus
prolongs the operation time and increases the operation risk.
Moreover, uniform administration and drainage in different
directions could not be realized according to the shape of
hematoma.-erefore, this paper optimized the design of the
traditional drainage tube.

At present, the minimally invasive surgery for the
elimination of intracranial hematoma in clinical practice
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uses the traditional drug drainage tube. -e total length of
the main canal is 14 cm, and the diameter is 0.2 cm. -e end
of the main canal is closed, among which 1 cm and 1.5 cm
away from the end are provided with a hole with a diameter
of 1mm, respectively, these two small holes are symmet-
rically distributed on both sides of the main channel, as
shown in Figure 1.

-e small hole at the end of the traditional drainage tube
is embedded in the wall of the main tube so that the outer
surface of the main tube is fully smooth, thus reducing the
friction between the drainage tube and intracranial tissue
during the operation and ensuring that the drainage tube can
reach the center of the hematoma as quickly, safely, and
accurately as possible.

-e hemolytic agent can produce the interdiffusion
reaction with the hematoma.-e hemolytic agent drained by
the traditional drainage tube is mainly concentrated in the
small hole of the main tube, and the blood concentration in
the hematoma is also diffused in the direction of the orifice.
As a result, the interdiffusion efficiency of hemolytic agent
and hematoma is low and the speed is slow, thus prolongs
the operation time and increases the operation risk [4].

Cui proposed a multifunctional drainage tube for in-
tracerebral hematoma with multiple subtubes, which could
achieve telescopic subtubes in the common duct and 360°
rotation of drug delivery in the common duct, so as to
achieve the purpose of multipoint and multidirectional
uniform drug delivery and drainage [5]. Pan L proposed an
improved adaptive weighted particle swarm optimization
point cloud search algorithm to improve the efficiency and
accuracy of puncture point identification and applied it to
extract the optimal external axis, thus providing the optimal
path for hematoma drainage tubes [6]. Zhu puts forward
visual analysis of flow and diffusion of hemolytic agents and
hematomas, using COMSOL more physical software to
simulate the hemolysis agent bifurcate drainage tube in the
streamline distribution and hemolysis agent in the diffusion
behavior of hematoma [4]. Based on previous studies in our
team, the drainage tube was optimized, and the adaptive
bifurcation drainage tube was customized according to the
geometric characteristics of different intracranial
hematomas.

In this paper, an optimization model for the traditional
drainage tube was proposed. Based on the long-axis extraction
algorithm, the main position was determined, and the clus-
tering points were found according to the K-means clustering
analysis to accurately locate the position of the subdrainage
tube. -e optimized adaptive bifurcation drainage tube can
achieve uniform and accurate administration and drainage of
hematoma in different directions, reduce blood residue,
achieve the purpose of maximum drainage, accelerate the
dissolution and drainage of hematoma, and improve the safety
of surgery. -ree-dimensional real-time software simulation
technology is used to reconstruct anatomical sites, such as
hematoma, blood vessels, skull, and nerve tract. Clinicians can
use the adaptive bifurcated drainage tube designed in this paper
to conduct preoperative simulation, avoid important parts of
the brain, and achieve accurate puncture of hematoma, thus
reducing the risk and time of treatment [7–9].

2. Optimal Design of Main Drainage Tube
Based on Long-Axis Extraction Algorithm

2.1. Simplify the Surface Structure of Hematoma. In this
paper, CT data of intracranial hematoma patients were
extracted and preprocessed to achieve 3D reconstruction,
and point cloud datasets were extracted. Due to the
complexity of the shape of hematoma, the number of point
clouds, the location of scattered and discontinuous, and the
difficulty of calculation, and the surface hierarchy of he-
matoma are simplified. -e hematoma data were obtained
from Tangshan Gongren Hospital, as shown in Figures 2
and 3.

-is paper uses decimation of triangle meshes algo-
rithm, with valuation grid on local topology and geometry
properties of lattice; the lattice can be divided into simple
types; thus, it can be divided into interior and boundary of
two types. -e judgment of lattice deletion is based on
d<X, X is given to allow the deviation value, the interior
point d is the distance between candidate points to the
average plane, and the boundary point d is a candidate to
second neighbor points of attachment. Finally, the
neighborhood of the deleted grid points is repartitioned by
the method of the optimal split plane, and the time
complexity is linear [10].

By changing the smoothness of the surface of the he-
matoma, the surface structure of the hematoma is simplified,
and the overall structure of the space remains unchanged.
-e surface point cloud data is reduced, the algorithm is
regular and fast, and the effect of fidelity and detail pres-
ervation is good.-e simplified hematomamodel before and
after is shown in Figures 4 and 5.

2.2. Puncture Points Were Extracted Using the Optimized
Long-Axis Extraction Algorithm. By studying the long-axis
problem of complex geometry, it can be reduced to the farthest
point pair problem of the point cloud model [11], that is, the
line segment with the longest Euclidean distance between any
point pair. By using the long-axis extraction algorithm, the
distance function of discrete model is maximized to solve the
furthest point pair problem. -e distance function of the
geometric point cloud model is established to maximize the
maximum-minimum distance (max-min) and maximum-av-
erage distance (max-avg) between any point pairs. Assume that
the given point cloud is setV � v1, v2, . . . , vn  (nonnegative N
points), the distance between each point pair is the edge weight,
and each edge weight is nonnegative. -e edge weight of any
point with respect to vi, vj, vk (i≠ j≠ k) is called
w(vi, vj, vk). -e goal of the discrete problem is to locate p

points (p≤ n) among n points in the point cloud to maximize
the function of the distance between point pairs [12].

MAX-MIN points’ dispersion (MMPD): for the non-
negative distance w(vi, vj, vk) from any point in set V �

v1, v2, . . . , vN  to vi, vj, vk, there exists subset
P � vi1, vi2, vi3  (P ⊂ V) and an integer p(2≤p≤ n) so that
|P| � p can obtain the distance function:

f(P) � min
x,y,z∈p

w(x, y, z) . (1)
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Figure 3: Schematic diagram of intracranial hematoma extraction.
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Figure 1: Schematic diagram of traditional drainage tube.
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Figure 2: -ree-dimensional image of intracranial hematoma.
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Maximizing distance function:

F(P) � maxf(P) � max min
x,y,z∈p

w(x, y, z)  . (2)

MAX-AVG points’ dispersion (MAPD): there are sub-
sets P � vi1, vi2, . . . , vip (P ⊂ V) and integers p(2≤p≤ n)

which make |P| � p and get the average distance function:

g(P) �
2

p(p − 1)


x,y,z∈P
w(x, y, z). (3)

Maximizing average distance function:

G(P) � maxg(P) � max
2

p(p − 1)


x,y,z∈P
w(x, y, z)

⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
.

(4)

Number of point pairs in the point cloud:

p(p − 1)

2
. (5)

-erefore, the maximized average distance is equal to the
sum of the maximized distances.

-e distance specified in MMPD or MAPD satisfies the
triangle inequality, that is, any three different points vi, vj,
and vk satisfy

w vi, vj  + w vj, vk ≥w vi, vk( . (6)

Existence distance functions and average distance
functions: there are distance functions and average distance
functions:

f(P) � min
x,y,z∈p

w(x, y, z) ,

g(P) �
2

p(p − 1)


x,y,z∈P
w(x, y, z).

(7)

-e distance between pairs of points in space is Eu-
clidean distance:

dist(X, Y, Z) � w(x, y, z) �

������������������������������

x1 − x2( 
2

+ y1 − y2( 
2

+ z1 − z2( 
2



.

(8)
-e above hematoma model was taken as an example to

verify the algorithm, as shown in Figures 6 and 7.
From what has been discussed above, the long-axis

extraction algorithm can be used to solve the farthest point
pair problem in the point cloud model. -e long axis of the
model is the line segment with the longest Euclidean dis-
tance in the point cloud.-e algorithm has the advantages of
easy model iteration, low time consistency, convenient
storage of calculation results, easy expansion, and more
consistent with the geometry of the topology.

Preliminary results show that themain drainage tube can
determine the direction of puncture and drainage according
to the long axis of different hematomas so that the intro-
duction of hemolytic agent and the extraction of hematoma
fluid can be precise and avoid important brain functional
areas. -is design is far away from the dense area of the
middle cerebral artery and the important branch of the
external carotid artery in the scalp, which has little impact on
the normal physiological structure, reduces the difficulty of
surgery and reduces the risk of surgery.

2.3. Long-Axis Extraction Compared with the Horizontal
Optimization of the Previous Method. When using the long-
axis extraction algorithm to extract the point cloud data,
because there are many point cloud data in the initial ge-
ometry space, the method of simplifying the number of faces
is adopted to simplify the hematoma geometry. In order to
simplify the influence of different complexity degrees on the
long-axis operation time and accuracy, the simplified point
cloud data were used to conduct point cloud number sta-
tistics and time statistics, and the identification accuracy was
compared. Point cloud data with different complexities were
shown in Table 1.
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Figure 4: Before simplification hematoma model.
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Figure 5: Simplified hematoma model.
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-e transverse comparison (Table 1 and Figure 8) shows
that the number of point clouds is positively correlated with
the retrieval time, and the simplified data can meet the ac-
curacy requirements within the allowable range of the cal-
culation time, reduce the calculation time of the long axis of
the hematoma as much as possible, and meet the require-
ments of the calculation of puncture hematoma surgery.

In tests of different levels of complexity, although the
same number of iterations is used to find the long axis, it is
obviously not enough for graphics with more point cloud
data. For a graph with a complexity level of 7, a more ac-
curate long axis can be obtained faster with the same number
of iterations on the geometry, as shown in Figure 7.

3. Optimal Design of Adaptive Drainage
Branch Tube

3.1. Internal Points of IntracranialHematomaWere Extracted
Based on the Eight Diagrams Algorithm. -e internal points
of three-dimensional graphics are identified by using the
Eight Diagrams algorithm. -e points discussed in this
paper are composed of contour data points and internal data
points on the surface of geometry by graphic files for the 3D
point cloud array [13]. -e three-dimensional space is di-
vided into the eight diagrams, as shown in Figure 9. When
the target is close to the surface of the geometry, the tangent
plane is generated. -e target point and the geometry on the
tangent plane are in the space rectangular coordinate system
and at the side of the origin of the tangent plane. On the
other side of the plane, there is at least one hexagramwithout
a target and geometry, so the algorithm can be used for
hematoma interior-point discriminant Eight Diagrams.

Eight Diagrams algorithm is used in this paper to dis-
criminant of hematoma interior point, as shown in Fig-
ure 10. Take any target point a, vector representation of all
surface points bi with hematoma, remember to vector abi

,
and divide the space where the target point a is; it is divided
into eight hexagrams. If the vector exists in all eight
hexagrams, it is the internal point of the hematoma. Sim-
ilarly, if there is no vector abi

in at least one of the hexagrams,
it is the surface point or external point of the hematoma.

For example, the target point is zero: a(xa, xb, xc).
-e collection of surface points of hematoma is

Table 1: Number of hematoma point clouds and calculation time.

-e complexity Number of point clouds Time (s)
1 131,820 60.877
2 52,440 25.4564
3 34,566 16.6662
4 17,460 8.17811
5 8082 3.86515
6 3834 1.80199
7 1872 0.8607
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Figure 8: Different complexity of hematoma point cloud amount.
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Figure 6: Schematic diagram of the farthest point pair of intra-
cranial hematoma model.
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Figure 7: Schematic diagram of long-axis extraction of the in-
tracranial hematoma model.
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B � xb, xb, xb( |xb � xbi
, yb � ybi

, zb � zbi
, i ∈ [1, n] .

(9)

-e collection of internal points of the hematoma is

C � xc, xc, xc( |xc � xcj
, yc � ycj

, zc � zcj
, j ∈ [1, m] .

(10)

-e set of target point and hematoma surface point
vector is

D � aB{ } � abi

��→
| i ∈ [1, n] . (11)

To judge the internal point of hematoma, if any hexa-
grams of the spatial Eight Diagrams contain vectors in set D
and the symbols corresponding to each vector include the
symbols corresponding to the above Eight Diagrams, then
the target point is the internal point of hematoma. If there is
at least one hexagram in the spatial Eight Diagrams that does
not contain the vector in set D and there is at least one case in
which the hexagram corresponding symbol does not contain
the vector in set D, then the target point is the hematoma
surface point or the external point.

Taking the above intracranial hematoma as an example, the
Eight Diagrams algorithm was used to distinguish the internal
points of hematoma and extract the data set of internal points
and surface points of hematoma. -e yellow points were in-
ternal data points of hematoma, and the red points were surface

data points of hematoma. -e distribution of internal and
surface data points of hematoma is shown in Figures 11–13 .

3.2. Extraction of Hematoma Absorption Points Based on
K-Means Clustering Analysis Algorithm. K-means clustering
analysis algorithm clustered n data objects in the space
with K points as the center and classified the target points
closest to the center to get K clusters [14]. -rough the
iteration method, the coordinate values of each cluster
center are updated successively so that the similarity of
objects in the same cluster is high, while the similarity of
objects in different clusters is low, and the optimal cluster
center is obtained.

For example, we have n variables, x1, x2, . . . , xn, divided
into k classes, X1, X2, . . . , Xk, and Ni is the number of
variables in class Xi, i, and mi for the average:
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Figure 11: Schematic diagram of hematoma data points.

Figure 9: -e space Eight Diagrams corresponds to the diagram of
hexagrams.

Figure 10: Schematic diagram of hematoma under the Eight
Diagrams algorithm.
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Figure 12: Schematic diagram of internal data points of hematoma.
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(1) Select the initial center of k classes.
(2) Iterate for any sample, calculate the Euclidean dis-

tance to k center points, respectively, and group the
sample to the class where the center with the shortest
distance is located.
Euclidean distance:

d xj, mi  �

���������������



k

i�1


xj∈Kj

xj − mi 
2




. (12)

If d(xj, mi)<d(xi, mi), among them, 1≤p≤K,
i � 1, . . . , k, so assign xj to class p.

(3) Use the mean method to update the values of the
center of the k classes.

(4) For all k clustering centers, the abovementioned (2)
and (3) are repeated until each clustering center no
longer changes. -e iteration is finished and the
classification is completed.

Combined with the above intracranial hematoma data
set. K-means clustering analysis algorithm was adopted. -e
data objects of intracranial hematoma in space were clus-
tered with 4 points as the center, and the target points
nearest to the center were divided into 4 clusters. -rough
the iteration method, the coordinate values of each clus-
tering center are updated successively so that the similarity
of objects in the same clustering is higher, while the simi-
larity of objects in different clustering is smaller. Finally, four
optimal clustering centers are obtained. -e data set is
shown in Table 2.

K-means clustering analysis was performed on the in-
ternal data points of the hematoma, and the clustering re-
sults are shown in Figure 14. -e four clusters were yellow,
green, purple, and blue, and the four red dots were the

clustering centers, namely, the absorption points of the
hematoma.

3.3. Determine the Point of Branching of theHematoma on the
Main Drainage Tube. -e origin is O at the end of the long
axis, the major axis is the z-axis, and the outlet direction of
the main outlet is the positive direction of the Z-axis. -us, a
three-dimensional coordinate system O-XYZ is established.
Let the length of the long axis be L; divide the long axis into
points n and take a point ai , i ∈ [1, n] at every interval L/n;
vectors were made with four hematoma absorption sites Zij

�→
;

calculate the angle θ between each vector and the positive
direction of the z-axis z→.

Let the supervisor start with As � (xs, ys, zs).
-e main end is Ae � (xe, ye, ze).
-en, the leading vector is a � (xs − xe, ys − ye, zs − ze).
Supervisor above each point is ai � (a/n) × i, i ∈ [1, n].
-e set of vectors composed of each point on the main

axis is A � Ai |As + ai, i ∈ [1, n] .
Let the absorption point vector be

Pj � (xj, yj, zj), j ∈ [1, 4].
-en, the vector set from each point on the main to each

absorption point is

Z � Zij |Pj − Ai, i ∈ [1, n], j ∈ [1, 4] ,

cos〈Zij, z〉 �
Zij · z

Zij



 · |z|
,

θ � arccos〈Zij, z〉.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(13)

In the error value calculation method, the measured
value θ, E is the normal value 45°:
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Figure 13: Schematic diagram of data points on the surface of
hematoma.

Table 2: Internal data set of hematoma.

Data set Sample size Number of categories
Hematoma 6380 4
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Figure 14: Cluster analysis of hematoma.

Journal of Mathematics 7



δ �
θ − E

E/100
. (14)

-e iterative calculation was carried out to make the
error value ε � 0.05 satisfied δ < ε by giving the error value δ.
-e four points with the smallest error were taken as the
branch bifurcation points of the main pipeline. By con-
necting the bifurcation point and absorption point, the
telescopic length and direction of the subdrainage tube were
obtained. -en, the overall structure of the bifurcation
drainage tube was designed.

4. Result Analysis

In this paper, an adaptive bifurcation algorithm based on
hematoma point cloud is proposed. To optimize the design
of puncture drainage tube for clinical intracranial hema-
toma, the following steps are followed:

Step 1: based on the CT scan data of patients with
intracranial hematoma, 3D reconstruction was per-
formed to establish a 3D hematoma model. -e point
cloud data set was extracted to simplify the hematoma
surface hierarchy and the surface point data set.
Step 2: use the long-axis extraction algorithm to
select the farthest point pair of Euclidean distance as
the two endpoints of the long axis to locate the
location of the main drainage tube, and the coor-
dinates of the two ends of the long axis are shown in
Table 3;
Step 3: Eight Diagrams algorithm was used to extract
internal point cloud of hematoma.
Step 4: the K-means clustering analysis algorithm is
used to determine the position of absorption points.
-e coordinates of the absorption point are shown in
Table 4;
Step 5: use numerical solution to calculate the branch
point of the upper branch of the main pipe. -e co-
ordinates of the bifurcation point are shown in Table 5;
Step 6: the expansion direction and length of the
adaptive bifurcation drainage tube were obtained by
connecting the bifurcation point with the absorption
point. -erefore, an adaptive bifurcation drainage tube
model was designed, as shown in Figure 15.
Step 7: the three-dimensional reconstruction model of
intracranial hematoma was imported into COMSOL.
On this basis, the adaptive branching drainage tube
model was introduced to obtain the visual simulation
diagram of the influence of the adaptive branching
drainage tube on hematoma, as shown in Figures 16
and 17.

In clinical medicine, the closed adaptive bifurcated
drainage tube is delivered to the intracranial hematoma
through a catheter, and the drainage tube is automatically
stretched in the hematoma. Among them, the drainage pipe
for special silicone material is soft in texture and small to
tissue damage. When the hemolysis agent passes through the
drainage tube into the hematoma, diffusion effect occurs

mainly in the export area around the four drainage tubes.
Multicast delivery drainage achieves the purpose of uniform
dosage and drainage, so as to speed up the blood clot dissolves
and drainage. And, pressure is applied to quickly remove the
main functional structure of the hematoma to reduce the
damage that causes the disease of cerebral hemorrhage.

5. The Error Analysis

5.1. Error Analysis of Simplified Hematoma Surface.
Hierarchy Structure Algorithm is used with the function
approximation to perform error analysis on the simplified
model and solve the geometric similarity measurement
problem [15].

L∞ and L2 norms are two commonly used error mea-
surement standards. Let the surface point function of the
original hematoma be f(t), -e simplified surface point
function of hematoma is g(t), we give a closed interval [a, b].
-e L∞ norm is used to indicate the maximum deviation
between two functions:

‖f − g‖∞ � max
a≤t≤b

|f(t) − g(t)|. (15)

-e L2 norm represents the average deviation between
two functions:

‖f − g‖2 �

����������������


b

a
(f(t) − g(t))

2dt



. (16)

After simplification, the surface point function of he-
matoma is g(t), which is considered to be optimal; the
similarity error measure of L∞ norm and L2 norm can be
used to measure the error between two triangular mesh
models. In the triangular mesh model, what is measured is

Table 3: -e coordinates of the two endpoints of the long axis.

X Y Z
Beginning of the long axis −11.090294 −14.673927 7.278137
End of the long axis 11.579253 18.623718 16.95636

Table 4: -e coordinates of absorption points.

X Y Z
Absorption point 1 2.573604 −0.012183 17.796954
Absorption point 2 0.204969 −9.975155 16.968944
Absorption point 3 −6.164021 −2.222222 8.910053
Absorption point 4 3.172662 9.568345 14.748201

Table 5: Bifurcation point coordinates.

X Y Z
Branch point 1 0.69787044 2.6408484 12.31081296
Branch point 2 5.68517078 9.9663303 14.44002202
Branch point 3 -2.0224752 -1.354869 11.1494262
Branch point 4 4.32499796 7.9684716 13.85932864
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the distance between the nearest point pairs, and the dis-
tance from point V to model M is defined as the distance
between point V and the nearest point W on model M;
among them, the ‖·‖ Euclidean distance between two
vectors:

dv(M) � min
w∈M

‖v − w‖. (17)

After testing, the original hematoma model was
simplified by 60% in this paper, and the geometric

similarity of the hematoma was within the error range.
-e simplified results could better simulate the original
hematoma model.

5.2. Error Analysis of Optimized Long-Axis Extraction
Algorithm. -e beginning end of the long axis As1 and the
end Ae1 are obtained by the initial long-axis algorithm; the
beginning end As2 and the end Ae2 of the long axis are
obtained by optimizing the long-axis algorithm.

–15

25

20
15
10

5
0

20
15

10
5

0
–5

–10
–15

–20

–10

–5

0
X

Y

Z

5

10

15

(a) (b)

Figure 15: Adaptive bifurcation drainage tube.
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Figure 16: Side view of hematoma simulation.
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-e long-axis vector obtained by the initial long-axis
algorithm t1 � As1 − Ae1.

-e long-axis vector obtained by optimizing the long-
axis algorithm t2 � As2 − Ae2.

Let ε � 0.05, and there are

As1 − As2 < ε,

Ae1 − Ae2 < ε,

arccos
t1 · t2
t1


 · t2




 < ε.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(18)

-rough testing, the positions and directions of the two
endpoints of the long axis before and after optimization in
this paper are within the error range, and the optimized
long-axis extraction algorithm has high computational ef-
ficiency, which reduces the preoperative planning time.

6. Conclusion

In this paper, the traditional drainage tube was optimized into
an adaptive bifurcation drainage tube that could be cus-
tomized according to different hematoma conditions. It
makes the introduction of the hemolytic agent and the
derivation of hematoma fluid precise. CT data are obtained
from patients with intracranial hematoma to establish a three-
dimensional hematoma model and simplify the hematoma
surface hierarchy; then, the surface point cloud of hematoma
was extracted; using long-axis extraction algorithm, locate the
location of the main drainage tube. Accurately determine the
entrance and direction of the puncture of the main drainage
tube, using the Eight Diagrams algorithm and discriminating
the internal data sets of hematomas and the visual processing.

-e absorption points are determined by K-means clustering
analysis algorithm; among them, the number of absorption
points can be calculated according to the shape of hematoma.
-e telescopic direction and length of the subtube were
obtained by connecting the absorption point and the bifur-
cation point. Based on this, the self-adaptive bifurcation
drainage tube model was designed and finally applied to the
puncture and drainage of intracranial hematoma. -e algo-
rithm can accurately determine the puncture point, the
puncture path, and the location and number of subdrainage
tubes according to the geometric characteristics of hematoma,
achieve a uniform and accurate drug administration and
drainage of intracranial hematoma, and accelerate the dis-
solution and drainage speed of hematoma. -e adaptive
bifurcation algorithm proposed in this paper is based on the
idealized state, and it is necessary to consider the distribution
of peripheral nerves and other important parts of intracranial
hematoma in the application.

-e application of adaptive bifurcated drainage tubes
can effectively shorten the operative time of patients, reduce
intraoperative blood loss, improve the hematoma clearance
rate, and improve the neurological function and prognosis of
patients, with accurate, minimally invasive, and safe effects
[16]. It has clinical significance and application value for the
medical treatment of intracranial hematoma and provides
preoperative simulation. It can promote the subsequent
hematoma deformation research and visualization analysis
and provide important guidance and value for the formu-
lation of a puncture surgery plan and the reduction of
surgical risk.
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