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Abstract

The prediction of children’s adult height is a common procedure in child-
hood endocrinology. Through the prediction of children’s adult height, it
is possible to find abnormalities in children’s growth and development.
Many jobs in today’s society have certain requirements for height, so the
accuracy of children adulthood height prediction is important for chil-
dren. Current methods for predicting adult height of children have some
shortcomings such as inaccurate accuracy. To deal with these problems,
this paper analyzes the data collected by the Chinese children and ado-
lescents’ physical and growth health projects in primary and secondary
schools in Zhejiang Province, and proposes a method for predicting adult
height based on back propagation neural network (BPNN) with the body
composition of children and adolescents as input. Since the BP algo-
rithm has the risk of falling into local optimization, and we propose
LSALO-BP model that incorporates the ant lion optimizer (LSALO) into
the BP algorithm as location strategy to avoid local optimization. The
improvements achieved by the ant lion algorithm are mainly reflected in:

1



Springer Nature 2021 LATEX template
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improving the ant’s walk mode, and enhancing the global search ability
of the LSALO algorithm. The comparison experiment of 10 benchmark
functions proves the feasibility and effectiveness of the location strategy.
The LSALO-BP model is applied to the prediction of adult height of chil-
dren and adolescents. The experimental results show that compared with
other models, the LSALO-BP prediction model has increased the predic-
tion accuracy by 6.67% 16.08% for boys and 4.67% 6.6% for girls, which
can more accurately predict the adult height of children and adolescents.

Keywords: adult height prediction of children,location strategy,improved
Ant lion optimizer,bp neural network,prediction model

1 Introduction

In recent years, the growth and development of children and adolescents
have received extensive attention, and especially the height of adulthood has
actually affected the future lives of children and adolescents. The National
Nutrition Plan issued by the State Council in 2017 clearly stated that the
growth retardation rate of Chinese children and adolescents should be kept
below 5% by 2020 to promote the improvement of national physique [1]. The
study of children’s adult height prediction is mainly used in the selection of
athletes [2]. In the selection of athletes, height is a very important morpho-
logical index. Some events require athletes to be taller, such as basketball and
volleyball; some events require athletes to be shorter, such as weightlifting
and diving. This requires coaches to accurately predict their height in adult-
hood when selecting athletes [3].However, children and adolescents are not all
smooth in the process of growth and development, the lack of certain hormones
may affect the growth of height.For example, the lack of growth hormone can
cause children to be short and unable to reach the standard height of their
peers [4]. Therefore, the prediction of the height of children and adolescents in
adulthood can not only intervene in the abnormal situations in their growth
and development stages in a timely manner, but also have a positive guiding
role in the cultivation of life habits in the growth of children. The adult height
of children is an important indicator to assess their growth and development,
and has always been the focus of attention of the country, doctors and parents
[5]. Therefore, the accuracy of the prediction method is very important for the
future life of children.

At present, there are many kinds of prediction methods, the most widely
used is the back propagation (BP) neural network, which is widely used in
various prediction and computing research fields. But the BP neural network
has some shortcomings. It is sensitive to weights and thresholds, and it is easy
to fall into a local optimal solution. Xiao et al. [6] proposed a BP neural net-
work prediction model based on simulated annealing algorithm, which reduced
the possibility of over-fitting of neural network and improved the prediction
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accuracy. On the basis of BP neural network, Hou et al. [7] adopted particle
swarm optimization algorithm to optimize it, and put forward PSO-BP predic-
tion model, which improved the accuracy of prediction. In order to overcome
the shortcomings of BP neural network and single genetic algorithm, Xu et
al. [8] proposed an optimized BP neural network based on quantum genetic
algorithm (QGA), which optimized the weight and threshold values of BP neu-
ral network and improved the convergence speed. Zhang et al. [9] proposed a
global accelerated BP (GAD-BP) neural network model, and the initial weight
was optimized by Levenberg-Marquardt (LM) algorithm to improve the con-
vergence speed. Teng et al. [10] proposed a BP neural network prediction
model based on the improved differential evolution algorithm. The model used
the differential evolution algorithm to optimize the weight, reducing the error
and improving the accuracy. Hu et al. [11] proposed an optimized BP neural
network based on fuzzy clustering algorithm and generic algorithm.

In terms of children’s adult height prediction, computer technology is
widely used in this field. Mej́ıa et al. [12] measured children and adoles-
cents’ height, weight, ulna, arm span and other physical indicators, and used
Bland-Altman method [13] to analyze the difference and consistency between
observed height and predicted height. Lello et al. [14] used machine learning
methods to construct genomic predictors which use heritable and extremely
complex human quantitative characteristics (height, heel bone density and
education level). According to the height and weight data of children and ado-
lescents, Shmoish et al. [15] analyzed the feasibility of regression models such
as linear, multi-layer perceptron (MLP), decision tree and random forest to
predict the adult height of children, and found that the prediction accuracy
of random forest regression model was good. Madden et al. [16] improved the
prediction formula by measuring ulnar length, which was used to estimate
the adult height of children from different ethnic backgrounds. Hyeon et al.
[17] proposed a TW3 algorithm using deep learning, which used convolutional
neural network to predict the growth level of children’s left hand bone, and
predicted the adult height of children according to the predicted results.

At present, there are few papers discussing the problem of children’s adult
height prediction, and there are some drawbacks with the prediction meth-
ods, such as low prediction accuracy. In order to accurately predict the adult
height of children and adolescents, this paper proposes a children’s adult height
prediction method based on improved ant lion algorithm (LSALO) and BP
algorithm, which is called as LSALO-BP method. Aiming at the problem that
the BP algorithm is easy to fall into local optimality, the LSALO algorithm
is introduced. The global optimization ability of the algorithm and the error
correction ability of the BP algorithm are used to improve the performance of
the neural network. Overall, main contributions are as follows.

(1) A data set of heights of children and adolescents in some cities of
Zhejiang Province of China was constructed, including Hangzhou, Shaoxing,
Wenzhou and other cities. There are 1096 data items collected, and the content
of the data includes height, weight, age, bone age, and so on.
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(2) The LSALO-BP algorithm is adopted. Aiming at the problem that the
BP algorithm is easy to fall into local optimality, an ant lion algorithm based
on location strategy is proposed to optimize the BP algorithm. The main
improvement of the algorithm is to improve the way of ants and antlions, and
improve the global search ability.

(3) Comparing the LSALO-BP hybrid model with other models, the accu-
racy of boys is increased by 6.67% 16.08%, and the accuracy of girls is increased
by 4.67% 6.6%.

2 Problem formulation

2.1 Children adulthood height

Nowadays, many industries have rigid requirements for height, for example,
pilots or models. If children can predict their adult height as early as possible,
they can avoid many detours in the growth process. In the diagnosis of growth
and development of children and adolescents, the dynamic change of height
in adulthood is one of the criteria for judging whether the development is
abnormal.

Height prediction in adulthood is a long process and requires continuous
observation of a large sample. The growth trend of children and adolescents
with abnormal development is often more difficult to determine than normal
children and adolescents. The easiest way to predict the adult height of children
is to use the height of the parents to predict by using the genetic height
formula. The genetic formula will change as the growth samples of children
and adolescents change, and when children and adolescents develop physical
diseases during their growth, the formula will become inapplicable. At present,
most doctors use the method of height prediction based on bone age, combined
with their own experience for diagnosis and prediction, but this method is
affected by various subjective factors and is prone to misjudgment. With the
progress of society, the physical fitness of children has also been strengthened,
and many prediction methods need to be changed.

2.2 Children adulthood height

The neural network is composed of an input layer, a hidden layer, and an
output layer, and the application scenarios are very wide. A typical neural
network is shown in Figure 1.

There are two points in the selection criterion of neural network input
variables [18]. One is that the input variables should be closely related to
the predicted objects, and the other is that there cannot be a strong linear
relationship between the input variables. Based on this criterion, the neural
network prediction model selects children’s height, age and bone age as input
values, The expression equation is as follows:

Xi = (X(age)i, X(boneage)i, X(height)i) (1)
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Fig. 1 A traditional neural network

Where Xi represents the input value, X(age)i is the detection age,
X(boneage)i is the current estimated bone age, X(height)i is the current height.
The output layer uses the child’s adult height as the output value. The error
function is defined as follows:

FMSE =
1

n

n
∑

i=1

(Yi − Yi)
2 (2)

Where n is the total number of samples, Yi is the i-th actual value of the
sample, and Yi is the i-th predicted value of the neural network.

We know that the BP algorithm uses the standard gradient descent method
based on the decreasing function of error and performance index [19], which is
a local search optimization method. The disadvantage of this method is that
it is easy to fall into the local optimal solution. In neural networks, we often
use the BP algorithm to optimize the weights of the neural network, and the
neural network is extremely sensitive to the initialization weights. Training the
network with different initialization weights often results in different results.
If the network falls into local optimum, it will lead to unsatisfactory train-
ing results. In order to overcome this problem, this paper will combine the
improved Ant Lion Optimization Algorithm (LSALO) with the BP algorithm
to make up for the deficiencies of the BP algorithm.

2.3 Ant Lion optimizer

Ant Lion Optimizer (ALO) is a swarm intelligence optimization algorithm,
which was proposed by Seyedali in 2015 [20]. This algorithm searches the
global optimal solution by simulating the behavior of the ant lion in nature
to capture the ants. Ant lion optimizer includes the following roles: elite ant
lion, ant lion and ant. Ant represents an attempted solution and it can walk
randomly within the range and gradually approach the ant lion to find the
optimal position within the range. Ant lion represents a local optimal solution.
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When the ants walking around the ant lion find a better position than the ant
lion, they will be eaten by the ant lion, and the current position of the ant will
be replaced by the ant lion. The elite ant lion represents the global optimal
solution. After each update, the best ant lion will be selected from all the ant
lions as the elite ant lion. Through such continuous iterations, a more accurate
global optimal solution is finally obtained.

The process of ants randomly walking can be seen as the process of search-
ing for feasible fields in the search space. The mathematical expression is shown
by equation (3):

X(t) = [0, cumsum[2r(1)−1, cumsum[2r(t)−1], ..., cumsum[2r(T )−1]]] (3)

Where cumsum represents the cumulative sum of positions, t represents the
current number of iterations, T represents the maximum number of iterations,
and r(t) is a random function 0 or 1.

r(t) =

{

1, m > 0.5

0, m ≤ 0.5
(4)

wherem is a random number evenly distributed in the range [0,1]. However,
the range of ants’ walk is not unlimited, and through equation (5), ants can
only move randomly in the search space.

Xt
i =

(Xt
i − ai)(ni − cti))

dti − ai
+ ci (5)

where bi and ai are the upper bound and the lower bound of the i-th

variable respectively, dti and cti are the upper and lower bounds of the i-th

variable at the t-th iteration. The ants are easily affected by traps during the
random walk, and gradually approach the ant lion, so the definitions of cti and
dti are shown in equation (6) and equation (7):

cti = Altj + ct (6)

dti = Altj + dt (7)

where dt and ct are the upper and lower bounds of the value range of all
variables at the t-th iteration, a is the position of the j-th ant lion at the t-th

generation.
The fitness function can be used to judge the position of the ants. The

higher the fitness, the better the ant’s location. In each iteration, if there is a
more adaptable ant within the hunting range of the ant lion, the ant lion will
capture and eat it, and the original position of the ant is replaced by the ant
lion. The mathematical expression is shown in equation (8):

Altj = Antti if f(Antti) > f(Alti) (8)
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where Altj is the position of the i-th ant lion in the t-th generation and Antti
is the position of the j-th ant in the t-th generation. f is the fitness function.

After each iteration, one of the most adaptable ants is selected from all ant
lions as an elite ant lion. When the number of iterations reaches the maximum
number of iterations or the error is within, the search is stopped, and the elite
ant lion at this time represents the global optimal solution within the scope of
the solution space.

3 Proposed LSALO-BP method

3.1 Improved ant lion optimizer

1) Ant lion replacement method. In the original ALO algorithm, the ant walks
randomly around the ant-lion. If the ant-lion is not in a good position, the ant’s
optimization process is equivalent to searching for the local optimal solution
in a local scope instead of obtaining the global optimal solution. Therefore, in
order to reduce the probability of this happening, the following replacement
operations are performed on ant lion at each iteration:

Step 1: After an iteration is completed, randomly initialize the same number
of ant lions.

Step 2: Calculate the fitness value of ant lion, and sort the original group of
ant lions and the new group of ant lions, and the ant lions with higher fitness
value are ranked in front.

Step 3: Use the greedy selection mechanism to select the same number of
ant lions with higher fitness.

The mathematical expression is as follows, if the fitness of FAt
i is lower

than FBt
i , then:

FAt
i = FBt

i (9)

PAt
i = PBt

i (10)

where FAt
i is the fitness value of the original group, and FBt

i is the fitness
value of the new group, PAt

i shows the position of the original group, and PBt
i

shows the position of the new group. i is the i-th ant lion of the original group,
and j is the j-th ant lion of the new group. t refers to the current number of
iterations.

2) Ants walk way. Each new replacement ant lion has a high adaptability,
but there will be cases where it is not selected by roulette, which causes ant
lion replacement to become a meaningless action and cannot play its role.
Therefore, as long as it is judged that there is a replacement of new ant lions,
the ants will walk around randomly to ensure that each new ant lion has its
meaning of existence. The elite ant lion is the global optimal solution selected
after each iteration. It will greatly affect the ants’ random walk movements, so
when iterating, change the ant’s walking route, and let the ants walk randomly
around the roulette chosen ant lion, the new replacement ant lion, and the
elite ant lion. In the ant lion optimization algorithm, the step size of the early
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ant walk is larger, and the step size is smaller the later, until it converges
to a certain position. Therefore, the step size adjustment function 1

elog t is
introduced to adjust the process of ants’ random walk. The mathematical
expression is as follows:

RA = RandtA = rand(−1, 1) ∗
1

elog t
(11)

RE = RandtE = rand(−1, 1) ∗
1

elog t
(12)

RC = RandtC = rand(−1, 1) ∗
1

elog t
(13)

where RandtA means randomly walking around the roulette chosen ant lion
in the t iteration, RandtE means randomly walking around the elite ant lion in
the t iteration, means randomly walking around the new replacement ant lion
in the t iteration, the function image of the step adjustment function 1

elog t is
shown below:

Fig. 2 1
elog t

function image

When each iteration is completed, the mathematical expression of the final
position of the ant is as follows:

AT t
i = x×RA+ y ×RE + z ×RC (14)

where AT t
i is the position of the i-th ant in the t iteration, the sum of x,

y, and z is 1, and the default value is 1
3 each, and the specific value can be

adjusted according to the actual situation.
3) Ant replacement method. Suppose that there are q ant lions replaced.

After the process of ants’ walk, q new ants will appear. These ants get the
final position according to formula (14). These new ants will inevitably have
a better position than the original ants. The better the ant’s position and
the higher the fitness value, the easier it will be ”eaten” by the ant lion.
Therefore, the position of the ant determines to a certain extent where the
optimal solution appears. In order to enhance the optimization ability of the
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LSALO algorithm, the ants with low fitness are replaced. The mathematical
expression is as follows. If the fitness of ANp is higher than AOt

min, then:

AOt
min = ANp (15)

POt
min = PNp (16)

where AOt
min represents the fitness value of the ant with the lowest fitness

in the t-th iteration, and ANp represents the fitness value of the p-th ant among
the new ants. POt

min shows the location of the ant with the lowest fitness in
iteration t, and PNp shows the location of the p-th ant among the new ants.

3.2 LSALO-BP network model

As shown in Figure 3, the algorithm consists of two parts, the LSALO part
on the left and the BP neural network training part on the right. The specific
steps are as follows:

Step 1: Initialize weights and other parameters;
Step 2: Calculate and record the fitness value of each ant lion;
Step 3: Find the highest fitness value as the elite ant lion, and perform an

iteration;
Step 4: Determine whether the stop iteration condition is satisfied, if it is

satisfied, end the loop, otherwise skip to the next step;
Step 5: Use equations (9) and (10) to replace the ant lion with lower fitness

value, and use the greedy selection mechanism to select the ant lion;
Step 6: Ants walk randomly according to equation (14) and update their

position and fitness value;
Step 7: Use equations (15) and (16) to replace ants with low fitness values.

Jump to Step 3.

4 Results

Data collection uses DR testing equipment, body composition analyzer and
other equipment. The DR detection equipment is composed of high-voltage
emitters, amorphous silicon flat panel detectors and other devices. The bone
age film taken has the advantages of large gray scale dynamic range and high
density resolution. The collection of body composition information is applica-
ble to the body composition analyzer model GAIA KIKO. The instrument is
simple to operate, with fast test speed and high accuracy. information about
bone age, body composition, etc. is collected through these devices. Taking the
students of each school as the collection object and taking the class as the unit,
the bone age film and the body composition (such as height, weight, BMI, etc.)
are measured in sequence for the students. Export and organize the obtained
data information from the test equipment and save it in the corresponding
database.
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Fig. 3 LSALO-BP algorithm flowchar

4.1 Data source and analysis

The data set used in this article comes from primary and secondary schools
in Zhejiang Province. We obtained the basic information of the children and
confirmed the height of the tester in adulthood through a return visit, a total
of 1096 people, including 647 boys and 449 girls. The division of training set
and test set is shown in Table 1.

Table 1 The division of training set and test
set

Gender Total People Training Set Test Set

Boy 647 546 128
Girl 449 355 94
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In the return visit data, there are 128 boys and 94 girls. Table 2 and Table 3
show the structure of part of the return visit data for boys and girls, including
the child’s name, date of return visit, bone age, age, and height. The samples
taken from various schools in Zhejiang Province ensure that the health of the
data is better than the data collected from the hospital, and the detection data
of the urban and rural schools are combined and processed to obtain a general
average level.

Table 2 Basic information of boys’ return
visit

Name Return visit date Age Bone age height

Fu** 2018/7/26 11.8 12.8 144.7
Chen** 2018/7/26 13.6 14.7 165
Zhou* * 2018/7/26 14.9 16 194.5
Xie** 2018/7/26 12.2 12.6 152.2
Zhu** 2018/7/26 13.2 15.9 156.5
Liu** 2018/7/26 12.6 13.1 148.5
Ye** 2018/7/26 13.9 12.8 158.8
Wang* 2018/7/27 13.9 13.3 152.5
. . . . . . . . . . . . . . .
Chai** 2018/8/15 13 14.9 164.5
Zhang** 2018/8/15 13.7 13.4 164

Table 3 Basic information of girls’ return visit

Name Return visit date Age Bone age height

Tao** 2018/7/21 13.6 12 155.8
Jin** 2018/7/21 11.9 13 152.4
Zhang** 2018/7/21 13 13.1 165
Xie* 2018/7/21 11.8 12.3 150.5
Wang** 2018/7/21 13.4 14.7 157
Hu** 2018/7/18 11.4 11.8 148
Wang** 2018/7/18 11.7 11.3 147
Kong* 2018/7/18 11.8 11.5 144.2
. . . . . . . . . . . . . . .
Zhou** 2018/8/10 11.6 11.5 142.4
Xi** 2018/8/11 11.6 12.3 152.8

Through the collation and analysis of the sample data of the return visit,
the basic distribution of the number of ages in the sample is shown in Figures
4 and 5. Taking 6 years old as an example, it means the number of people
between 6 years old and 0 months to 6 years old and 12 months. In the collected
data samples, the male and female samples are relatively evenly distributed. It
can be seen from the comparison of the two pictures that girls start to develop
earlier than boys.
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Fig. 4 Distribution of boys’ age

Fig. 5 Distribution of girls’ age

The distribution of bone age in the sample is shown in Figures 6
and 7. According to the relationship between bone age and age, children’s
development can be divided into three types, delayed development, normal
development and early development. Delayed development means that the
bone age is more than one year younger than actual age, normal develop-
ment means that the bone age and actual age are within 1 year of each
other, and early development means that the bone age is more than one year
older than the actual age. The sample includes children with the above three
developmental conditions, so we have adequate data to fit.

Fig. 6 Distribution of bone age of boys
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Fig. 7 Distribution of bone age of girls

4.2 Benchmark function evaluation

In order to verify the effectiveness of the location strategy, this paper selects 10
benchmark functions for comparative experiments of the algorithm, as shown
in Table 4. f1 f4 are unimodal functions, f5 f7 are multimodal functions, f8 f10
are low and fixed dimensional multimodal functions. Objects of comparison are
the original ALO algorithm and the OB-L-ALO algorithm proposed in [21].

Table 4 Benchmark functions

Function Search Range Optimum Value

f1(x) =
∑n

i=1 x
2
i [-100,100] 0

f2(x) =
∑n

i=1 |xi|+
∏n

i=1 |xi| [-10,10] 0

f3(x) = max
1≤i≤n

{|xi|} [-100,100] 0

f4(x) =
∑n

i=1([xi + 0.5])2 [-100,100] 0

f5(x) =
∑n

i=1 −xi sin(
√

|xi|) [-500,500] -418.9829*Dim

f6(x) = −20 exp(−0.2
√

1
n

∑n
i=1 x

2
i ) −

exp( 1
n
cos(2πxi)) + 20 + e

[-32,32] 0

f7(x) = 0.1{sin2(3πx1)+
∑n

i=1(xi−1)2[1+sin2(3πxi+
1) + (xn − 1)2[1 + sin2(2πxn)]}+

∑n
i=1 u(xi, 5, 100, 4)

[-50,50] 0

f8(x) = [ 1
500

∑25
j=1(j + 1 +

∑1
i=0(xi − aij)

6)−1] [-65.54,65.54] 0.998

f9(x) =
∑10

i=0(ai −
x0(b

2
i
+bix1)

b2
i
+bix2+x3

)2) [-5,5] 0.0003075

f10(x) = 4X2
0 − 2.1x4

0 + 1
3
x6
0 + x0x1 [-5,5] -1.0316
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In order to reflect the fairness of this comparison experiment, the three
algorithms use the same parameter settings, that is, the population size N=30,
the maximum number of iterations T=1000, and different algorithms are run
independently for each benchmark function 30 times, and the average value
of the experimental results is compared to reduce the impact of randomness.
Table 5 shows the experimental results of the ALO algorithm, OB-L-ALO
algorithm and LSALO algorithm, and Figure 9 shows the comparison of the
iterative convergence curves of the ALO algorithm and the LSALO algorithm.

Table 5 Comparison of optimization results of benchmark functions by different algorithms

Function Algorithm Average Standard Deviation

f1
ALO 4.01E-05 4.49E-05

OB-L-ALO 1.01E-09 4.63E-09
LSALO 1.49E-11 4.92E-12

f2
ALO 4.97E-06 3.23E-06

OB-L-ALO 5.98E-05 4.26E-05
LSALO 5.13E-06 7.25E-06

f3
ALO 6.79E-05 3.36E-05

OB-L-ALO 1.09E-05 2.29E-05
LSALO 4.14E-06 1.56E-06

f4
ALO 5.14E-06 3.23E-06

OB-L-ALO 3.23E-05 1.84E-05
LSALO 1.05E-08 6.81E-09

f5
ALO -5.90E+03 8.87E+02

OB-L-ALO -5.98E+03 1.71E+03
LSALO -7.80E+03 1.40E+03

f6
ALO 2.27E-05 3.72E-06

OB-L-ALO 2.10E-05 1.46E-05
LSALO 1.99E-06 2.77E-07

f7
ALO 1.47E-03 3.73E-03

OB-L-ALO 6.98E-06 5.33E-06
LSALO 4.98E-09 4.64E-09

f8
ALO 1.30E+00 0.46E+00

OB-L-ALO 1.82E+00 1.08E+00
LSALO 9.98E-01 3.33E-16

f9
ALO 7.19E-04 1.05E-04

OB-L-ALO 8.21E-04 2.05E-04
LSALO 7.05E-04 9.11E-05

f10
ALO -1.03E+00 4.00E-14

OB-L-ALO -1.03E+00 6.78E-16
LSALO -1.03E+00 2.50E-15

In Table 5 and Figure 8, the LSALO algorithm has achieved better exper-
imental results than other algorithms. For unimodal functions f3 and f4, the
average experimental results of LSALO algorithm are superior to ALO algo-
rithm and OB-L-alo algorithm, with an increase of 1-5 orders of magnitude and
a smaller standard variance, indicating that the algorithm has strong optimiza-
tion ability and good stability. By comparing the convergence curves of the
functions f3 and f4, the LSALO algorithm has higher convergence accuracy.
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Fig. 8 Iteration curve of benchmark functions

For the multimodal function f5, the ALO algorithm falls into local optimal-
ity with less than 100 iterations, resulting in an early end to the algorithm
optimization process. The position strategy of LSALO algorithm makes it not
easy to fall into the local optimum and the global search ability is stronger.
For the low and fixed dimensional multimodal functions f8 and f10, the aver-
age value of the results of the LSALO algorithm has reached the theoretical
optimal value, and the optimization rate has reached 100%.

In summary, according to the optimization results of the benchmark func-
tions, it can be seen that LSALO is superior to the ALO algorithm and the
OB-L-ALO algorithm in terms of global optimization ability and convergence
accuracy. It shows that the algorithm is feasible and effective, and can be
further applied to the weight optimization problem of BP neural network.

4.3 Analysis of children’s adult height prediction results

In this experiment, the height, bone age, and age of children at the time of
testing were selected as input, and adult height was output. The evaluation is
separately conducted for boys and girls. Body composition information such as
bone age and age is not a simple linear relationship with adult height, and each
child’s growth and development are different, resulting in a variety of input
characteristics. This experiment uses a double hidden layer neural network. A
large number of experiments show that when the number of neurons in the first
hidden layer is twice the number of input values, and the number of neurons
in the second hidden layer is the same as the number of input values, the BP
neural network has the best training effect. Therefore, it can be determined
that the structure of the neural network is 3-6-3-1.

This experiment uses the LSALO algorithm, PSO algorithm [? ] and GA
algorithm [? ] to optimize the BP neural network to form the LSALO-BP
network model, GA-BP network model and PSO-BP network model. The three
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models are compared with the original BP network model and the Bayley-
Pinneau method, and the samples are predicted and analyzed.

This paper selects whether the difference between the true value and the
predicted value is within ±2cm as the basis for accuracy judgment. Each model
is run independently for 10 times, and the average value is taken as the final
result. The analysis results of this experiment are shown in Table 6 and Table 7.
Table 6 shows the analysis results of male height prediction, and Table 7 shows
the analysis results of female height prediction. It can be seen from Table 6 that
LSALO-BP model’s prediction results for boys are superior to other prediction
models in terms of accuracy and standard deviation, with an accuracy rate
of 86.67% and a standard deviation of 1.176cm. Compared with BP neural
network, the accuracy rate is even improved by 16.08%. From Table 7, we can
see that the prediction results of LSALO-BP model for girls are still better
than other prediction models in terms of accuracy and standard deviation,
with an accuracy rate of 85.32% and a standard deviation of 1.615cm.

Table 6 Adult height prediction analysis of
boys

Prediction model Accuracy Standard deviation

LSALO-BP Model 86.67% 1.176
PSO-BP Model 77.84% 1.467
GA-BP Model 80.00% 1.659
BP Model 70.59% 1.464

Bayley-Pinneau 70.59% 3.343

Table 7 Adult height prediction analysis of
girls

Prediction model Accuracy Standard deviation

LSALO-BP Model 85.32% 1.615
PSO-BP Model 79.57% 1.775
GA-BP Model 79.36% 1.659
BP Model 78.72% 1.902

Bayley-Pinneau 80.85% 2.404

The error analysis results of this experiment are shown in figure 9, and
boxplot is adopted to display. Boxplots can intuitively determine the discrete
distribution of errors, understand the distribution of errors, and identify out-
liers in errors. The range of error is expressed by the vertical distance between
the minimum and maximum values, and the interquartile range (IQR) of the
error is expressed by the height of the box. Figure (a) is the error analysis
result of boys, and figure (b) is the error analysis result of girls. As can be seen
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Fig. 9 Iteration curve of benchmark functions

from figure (a), the quartile interval and median of LSALO-BP model predic-
tion error are better than other prediction models. As can be seen from figure
(b), the quartile interval and median of LSALO-BP model prediction error are
similar to the Bayley-Pinneau method, but the number of outliers is less than
the Bayley-Pinneau method, indicating that LSALO-BP model has better sta-
bility. Based on the above analysis, we can conclude that the performance of
the LSALO-BP model prediction model is superior to other prediction models.

5 Conclusion

Aiming at the defect that the traditional BP neural network has fallen into
local optimality, we propose a location strategy ant lion optimizer (LSALO) to
improve the BP network. By changing the way ants walk and the replacement
methods of ants and ant lions, the global search ability and local optimization
ability are enhanced, and the problem that the algorithm is prone to fall into
local optimization is improved. Through the optimization solution of different
benchmark functions, LSALO is compared with the original ant lion algorithm
and its improved algorithm, and the effectiveness of the improved strategy is
verified. The LSALO algorithm combined with the BP neural network is used
to predict the adult height of children, and four different prediction models
are selected for comparison. The experimental results show that the prediction
accuracy of the LSALO-BP model is higher and the error fluctuation is smaller,
which further enhances the performance of the BP neural network and can
accurately predict the adult height of children.
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