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Abstract: As the main body of air traffic control safety, the air traffic controller is an important part of the whole air
traffic control system. According to the relevant data of civil aviation over the years, a mapping model between flight
support sorties and air traffic controller demand is constructed by using the prediction algorithm of support vector
regression (SVR) based on grid search and cross-validation. Then the model predicts the demand for air traffic
controllers in seven regions. Additionally, according to the employment data of civil aviation universities, the future
training scale of air traffic controller is predicted. The forecast results show that the average relative error of the
number of controllers predicted by the algorithm is 1.73%, and the prediction accuracy is higher than traditional
regression algorithms. Under the influence of the epidemic, the demand for air traffic controllers will decrease in the
short term, but with the control of the epidemic, the demand of air traffic controllers will return to the pre-epidemic
level and gradually increase. It is expected that the controller increment will be about 816 by 2028. The forecast
results of the demand for air traffic controllers provide a theoretical basis for the introduction and training of medium
and long-term air traffic controllers, and also provide method guidance and decision support for the establishment of
professional reserve and dynamic control mechanism in the air traffic control system.
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0 Introduction

As the frontline personnel in the air traffic con-
trol system, air traffic controllers play a direct role
in maintaining traffic order, ensuring flight safety
and improving operation efficiency. In recent years,
the civil aviation industry has developed rapidly.
However, the insufficient and unbalanced develop-
ment relationship between the increasing demand
for flight services and the supporting air traffic con-
trollers leads to low control efficiency, increased
flight delays and even serious accidents. Therefore,
forecasting the demand of air traffic controllers
based on the air traffic and its future development is
of great significance for improving the ability of air

traffic control management and achieving high-quali-
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ty development of air traffic control.

Air traffic controller demand refers to the num-
ber of controllers required to meet the flight support
demand for a flight. Air traffic controller increment
refers to the number of new controllers required to
meet the increased flight support demand. With re-
gard to prediction algorithms, scholars in domestic
and international regions have invented and im-
proved various prediction methods. He et al.'"’ used
the improved grey prediction based on the Markov
chain theory to predict the increment of air traffic
controllers. The experimental results show that the
improved prediction algorithm has higher prediction
accuracy than the traditional grey prediction, where-
as the grey prediction is not suitable for long-term

prediction. Kong et al.””’ collected the controller
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load related data through the control simulation ex-
periment, and used the BP neural network algo-
rithm to predict the controller load, while the neural
network is prone to fall into the local minimum val-

ue. Ashley et al."”

proposed an autoregressive sum-
mation moving average model to predict the traffic
flow through the economic evaluation of airlines and
airports, and speculated the long-term development
plan in the future. Takashi et al.'* utilized the deep
belief network formed by multi-layer limited
Boltzmann to capture features of time series, which
could be used for short-term prediction. This algo-
rithm has certain advantages in prediction accuracy,
but it also increases the complexity of the algorithm.

The commonly used forecasting models in-
clude gray forecasting models, time series models,
regression analysis models, Markov models, neural
network models, etc. In order to obtain better pre-
diction results under the premise of reducing the al-
gorithm parameters and complexity, and avoid fall-
ing into the local optimal solution, this paper choos-
es the support vector regression (SVR) combined
with parameter optimization. The main methods of
SVR parameter selection mainly include grid search
algorithms, genetic algorithms and chaos optimiza-
tion. Gao et al."” adopted the grid search algorithm
to optimize parameters in order to improve the accu-
racy of prediction and reduce computing load. Exper-
imental results show that the method is more effec-
tive than the genetic algorithm and the particle
swarm optimization algorithm. Gencoglu et al. '
used the chaos theory to determine the optimal input
variables by reconstructing the saturated embedding
dimension of phase space, while the time series pro-
cessed was required to be chaotic. Since the data
processed in this paper are small samples, the chaos
of time series is not obvious, so grid search is used
to optimize parameters. In order to improve the ro-
bustness of the algorithm and avoid over-fitting,
cross-validation is combined with grid search,
which reduces the error caused by the random pa-
rameter selection and improves the generalization
ability of the model ™.

At present, there are few researches on the

forecasting of controller demand. This paper propos-

es a method for forecasting controller demand based
on SVR and parameter optimization. In order to se-
lect the parameters of kernel function, according to
historical data of flight support sorties and controller
demand, an SVR model based on grid search and
cross-validation is established to predict the demand
for controllers in seven regional air traffic control bu-
reaus. The prediction results show that the predic-
tion algorithm in this paper has higher prediction ac-
curacy than other prediction algorithms. Then, the
forecast results are adjusted according to the impact
of the outbreak of COVID-19 epidemic on the civil
aviation industry. Finally, based on the adjusted pre-
diction results and the training proportion of control-
lers in the three civil aviation colleges, the training
scale of controllers in Nanjing University of Aero-
nautics and Astronautics (NUAA) , Civil Aviation
University of China (CAUC) and Civil Aviation
Flight University of China (CAFUC) is deter-
mined, which provides reference for the training
mode and strategy of air traffic controllers in univer-

sities in the future.

1 SVR Principle

SVR is a supervised learning algorithm and a
regression algorithm derived from the classification
algorithm of support vector machine (SVM). The
idea is to first map the low-dimensional nonlinear da-
ta to the high-dimensional space through the nonlin-
ear mapping function ¢(x ) for a group of data sam-
ples (yl’l»“’ ) s (ym’ Lot *** s Tom) 5 aS
shown in Fig.1"%'.

Then the linear regression is carried out in this
high-dimensional space to construct an optimal hy-

perplane to minimize the distance between data sam-

Fig.1 SVR diagram
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ples and the hyperplane, so as to solve the linear indi-
visibility problem of the original space'”. The objec-

tive function and constraint conditions are shown as

J,?i?;é||w||2+ci;(ﬂz+;71) (1)
flx)—yi<<etu
stdy—fla)<etp, @)
pop =0 i=1,2,.m

where w is the weight vector, C the penalty factor,

and e the upper limit of error. y,, ;1 are the relax-

ation factors.
Lagrange multiplier is introduced to substitute
the constraint conditions into the objective function,

and the partial derivative of w, b, p,,;f 1s made to be

zero by KKT condition, and the regression function

is obtained M,

m

fla)=>a,— a)K(z.x)+ b (3)

i=1
where E,,ai are Lagrange multipliers. K (x,x;) is
the kernel function, and & the offset.

Kernel function is used to calculate the dot
product of nonlinear mapping between two vectors,
which can simplify the calculation of inner product
in the mapping space. Therefore, the selection of
kernel function and its parameters has an important
impact on the performance of the prediction model
of support vector regression algorithm. The kernel
functions commonly used in the process of solving

practical problems are shown in Table 1.

Table 1 Common kernel functions

Kernel function Formula

Parameter

Polynomial kernel klx,x)=(x" -z,

Gaussian kernel kx,x)= exp( ’
1 20"
Linear kernel kx,x)=x"-x,

Sigmoid kernel

e~

k(z,z;)=tanh(px" -z, + 0)

d =1 is the degree of the polynomial

o >> 0 is the bandwidth of the Gaussian kernel

tanh(-) is the hyperbolic tangent function, §>>0,0> 0

2 Parameter Optimization of SVR

In order to transform the original nonlinear sep-
arable feature space into a high-dimensional space
and make the problem linearly separable in the high-
dimensional space, the kernel function is used to
map the data into the high-dimensional space, so

3] The Gaussian ker-

that 1t is linearly separable
nel function is used in this paper because it rarely
has dimensional disaster and the number of hyper-
plane parameters is less than that of polynomial ker-
nel function.

The penalty parameter C and kernel parameter
o in the Gaussian kernel function are very important

to the prediction results of the model. In practical ap-
1

O,Z

plication, g = —; is used to find the optimal parame-

ter combination (C, g ) of the algorithm by combin-
ing grid search and cross-validation.

2.1 Grid search

Grid search is commonly used in dealing with

nonlinear optimization algorithms. The basic idea 1s
that based on the set parameter search range, sever-
al grids are divided within the parameter variable
range to form grid points, and all the crossing points
in the grid are all the parameter combinations to be
searched. Then, each parameter combination in the
grid is calculated to select the optimal parameter

combination''*!

. The density of grid points deter-
mines the calculation time and accuracy. Generally,
the smaller the mesh size is, the higher the predic-
tion accuracy will be, but the model calculation time
will increase. The larger the mesh size is, the short-
er the model calculation time will be, but the predic-
tion accuracy may not be high enough. Therefore,
when using the grid search, it is necessary to com-
prehensively consider the calculation accuracy and
time, so as to ensure the practical application effect
of the prediction model.

Cross-validation is a method used to eliminate
model training bias caused by sampling random-

ness ”’. The demand prediction model in this paper
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adopts the K-fold cross-validation method to find
the optimal parameter combination. The original da-
ta are evenly divided into K parts, and K — 1 parts
of them are selected as training data to build the
model, while the remaining part is used as test data
to test the model. After training K times, K models
are obtained, and the average prediction accuracy of
the test data of the models is used as the perfor-
mance index of the model.

When evaluating the training data of the mod-
el, the parameters of SVR with the highest predic-
tion accuracy are taken as the optimal parameters to
improve the effectiveness and generalization ability
of the prediction model. In the process of model
training, the model accuracy is represented by the
minimum mean square error ¥, The mean square er-
ror Puse 18 expressed as

o = 33 (30— 5 @)
where y,, ¥, are the true value and the predicted val-

ue of the data, respectively.
2.2 Parameter optimization steps

The grid search method can traverse every pos-
sible parameter combination of C and g in the search
range, and combine with cross-validation to find the
optimal parameter with the smallest mean square er-
ror, thus avoiding the emergence of local optimal so-
lution""”. The basic steps of grid parameter optimiza-
tion based on the K-fold cross-validation are de-
scribed as follows.

Step 1
x=[—a,a], y=[—0b,b], and all step size be A,

Establish parameter search grid. Let

then the grid point of the
C=2",g=2"

parameter 1S

Step 2 The prediction error value is obtained
based on K-fold. Divide the original data set into K
parts, select one subset as the test set and the remain-
ing K — 1 parts as the training set, and train to get
the best (C, g ) of the model. Based on this model,
the one test set is predicted, and the prediction error
value is obtained. K models can be obtained by re-
peating the above steps, so that each piece of data
has been tested, and the mean value of prediction er-

ror values of all models is taken as the final prediction

error pyse corresponding to the set of parameters.
Step 3 Traverse all the grids to select the op-
timal parameter combination (C, g ). Select another
parameter combination in the search grid, and re-
peat Step 2. The prediction error pyse about all pa-
rameter combinations can be calculated, and sorted
in descending order to select the optimal parameter
combination (C, g) corresponding to the mini-

mum UMSE-

3 Forecast Results and Analysis of

Air Traffic Controller Demand

3.1 Forecast of air traffic controller demand

3.1.1 Dataset and experimental settings

According to the civil aviation air traffic man-
agement statistical report which issued by Air Traf-
fic Management Bureau of Civil Aviation Adminis-
tration of China, the flight support sorties and air
traffic controllers’ quantity from 2010 to 2019 in
north China, northeast China, east China, central
south, southwest, northwest and Xinjiang can be
obtained, which are collected by year. Due to the
large order of magnitude difference between national
flight support sorties and air traffic controller de-
mand, direct training the model with raw data will
result in large model prediction errors.

Therefore, in order to improve the calculation
accuracy of the prediction model, while retaining da-
ta features and preventing over-fitting, the data are
firstly normalized into [ 0, 1], so that data with dif-
ferent representations are set to the same scale. The
normalization calculation formula is

~ X7 T
r = — 7

()

Lmax ~ Lmin
where I, T are the minimum and the maximum
values in the same group of data, respectively.

In this paper, search grid ranges of C and g are
ce[27,2"],ge[27",2"], and parameter search
step-size 1s 0.1. In K-fold cross-validation, set K =25.
3.1.2 Experimental results and analysis

The number of air traffic controllers is predict-
ed based on the SVR model of grid search and 5-

fold cross-validation. The experiment is implement-
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ed based on Python3.8. The optimal parameter com-
bination and the mean relative error (MRE) are

shown in Table 2.

Table 2 Optimal parameter combinations and errors of

regional forecast from 2010 to 2019

Optimal parameter

Region combination MRE/%
North China (8.5742,2.6390) 2.67
Northeast China (724.077 3,0.038 5) 7.62
East China (1.624 5,45.254 8) 1.80
Central south (445.7291,0.071 8) 5.95
Southwest (22.627 4,0.134 0) 10.74
Northwest (103.968 3,1.231 1) 1.63
Xinjiang (1.624 5,8) 3.63

The prediction results show that SVR has the
best effect on the prediction of the number of air traf-
fic controllers in northwest China. Forecasts for the
number of air traffic controllers in the southwest are
poor. There are two reasons: Firstly, the statistical
error of the data of original flight support sorties or
air traffic controllers in the region is large; Second-
ly, the error caused by the limitation of the predic-
tion model itself. The outbreak of COVID-19 in

2020 had an impact on the aviation industry. In or-

der to control the spread of the epidemic, many
flights were delayed at the airport, and the demand
for air traffic controllers was also affected. There-
fore, it is necessary to adjust the air traffic controller
demand according to the development trend of civil
aviation industry under the influence of the epidem-
ic. According to data released by the National Civil
Aviation Work Conference and the National Civil
Aviation Safety Work Conference in 2021, affected
by the epidemic, civil aviation carried 420 million
passengers in 2020, equivalent to 63.3% of that in
2019. In 2021, China’s civil aviation passenger traf-
fic was expected to return to about 90% of that be-
fore the epidemic. It was estimated that by the end
of 2022, China’s civil aviation passenger traffic
would basically recover to the pre-epidemic level.
According to the reduction of civil aviation in Chi-
na, it was estimated that the number of air traffic
controllers in 2020 would decrease by about 37 %
compared with that in 2019, increase by 43% in
2021 and 11% in 2022. So far, the number of air
traffic controllers basically restores to the pre-epi-
demic level. The adjusted air traffic controller num-
ber demand predictions in 2021—2028 are shown in
Table 3.

Table 3 Forecast of the number of regional air traffic controller demand in 2020—2028

The number of controller in different regions

Year North China Northeast China East China  Central south ~ Southwest ~ Northwest Xinjiang Total
2020 1018 505 1313 1358 905 590 179 5868
2021 1456 722 1877 1942 1294 844 256 8391
2022 1616 801 2084 2156 1436 937 284 9314
2023 1655 868 2116 2 387 1577 972 283 9858
2024 1724 936 2163 2 564 1707 1032 278 10 404
2025 1799 1011 2215 2756 1849 1102 274 11 006
2026 1879 1094 2272 2964 2003 1181 291 11 684
2027 1966 1185 2334 3189 2171 1272 295 12 412
2028 2059 1286 2401 3433 2354 1375 320 13 228

At present, the overall age structure of control-
lers is stable, and the retirement of controllers has
little impact on the turnover of front-line personnel
in the next 5—10 years, which can be ignored.
Therefore, the controller demand of the current
year can be obtained by subtracting controller de-

mand of the previous year, as shown in Table 4.

In order to further analyze the prediction accura-
cy of the regression model proposed in this paper, a
comparison experiment of unary linear regression
(ULR), time series forecasting and SVR is carried
out. Based on the historical data of flight support sor-
ties in seven regions from 2010 to 2019, different re-

gression models are verified, as shown in Fig.2.
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Table 4 Forecast of air traffic controller increment from
2022 to 2028

Year The number of controller increment
2022 923
2023 544
2024 546
2025 602
2026 678
2027 727
2028 816
9500 .
.g /,./
'g L. 9000F
QO
5 85001
S §8000f
2.8
-g & 7500
& 7000f —~-ULR SVR
< o -+-Time series —Real
= 6500 1 L 1 1 . L | | ,

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Fig.2 Comparison of three regression methods

According to Fig.2, the average relative error
of ULR is 2.86%, the average relative error of time
series prediction is 2.77%, and the average relative
error of SVR is 1.73%. During the experiment, the
calculation time of the SVR algorithm is shorter
than that of the other two algorithms based on the
same platform. The comparison results verily the ef-
fectiveness of the model in this paper.

Due to the impact of COVID-19, the number
of national flight support sorties decreases, and the
demand for controllers reaches a trough in 2020. Af-
ter that, with the control of the epidemic, the civil
aviation industry gradually recovers. In 2022, the
demand for controllers will increase significantly and
basically recover to the pre-epidemic level. In the
post-epidemic era, the number of flight support sor-
ties will increase steadily, and the demand for con-
trollers will gradually increase from 2023 to 2028.
With the dynamic change of civil aviation industry,
the demand for controllers also may have a dynamic
change. When the demand for controllers decreas-
es, 1t 1s necessary to optimize the structure of the
controller team, and reasonably adjust the working
time and shift frequency to reduce the unnecessary
waste of resources. When the demand for control-

lers gradually increases, human resources should be

guaranteed to ensure that there are enough positions
to introduce new controllers.
3.1.3 Ablation study

The above experiments determine the optimal
parameter combination of Gaussian kernel function.
The flight support sorties in each region in 2020—
2028 are predicted by the grey prediction method.
Then the predicted number of air traffic controllers
in the corresponding year can be obtained by substi-
tuting it into the regression prediction model. In or-
der to compare the effects of different kernel func-
tions (Table 1) on the regression model and on the
forecast of the number of controllers, based on the
data of the flight support sorties and the number of
controllers in seven regions from 2010 to 2019, the
statistical average relative errors are shown in Ta-
ble 5.

Table 5 Kernel function comparison test error

Kernel ~ Polynomial Gaussian  Linear  Sigmoid
function kernel kernel kernel kernel
MRE 6.63 4.86 5.09 5.67

According to the error judgment in the Table 5,
the Gaussian kernel function is relatively stable in
SVR, and the regression model training effect is
good. When predicting the number of controllers, the
average relative error is 4.86%, which is smaller
than that of the other three kernel functions. In addi-
tion, the Gaussian kernel function seldom has the di-
saster of dimensionality while realizing the nonlinear
mapping. Compared with the polynomial kernel func-
tion, the number of hyperplane parameters is less and
the numerical calculation is reduced. Therefore, this

paper finally chooses the Gaussian kernel function.

3.2 Forecast of scale of college air traffic con-

troller training

The main source of new controllers recruited
by the Civil Aviation Administration of China
(CAAC) is the students who major in control and
the in-service personnel of control units who have
been both systematically trained in universities with
training qualifications. At present, there are three

major universities in China with training qualifica-
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tions and NUAA,
CAUC and CAFUC. According to the increase in

demand for controllers predicted in this paper and

certain recruitment scale:

the proportion of students from different universities
working for CAAC, the scale of controller training
in different universities can be predicted, so as to
provide reference for the teaching and enrollment of
universities. The training number of college control-
lers from 2022 to 2028 is shown in Table 6.

Table 6 Training number of air traffic controller from
2022 to 2028

Training number of different universities

Year NUAA CAUC CAFUC
2022 69 435 419
2023 40 257 247
2024 41 258 248
2025 45 284 273
2026 50 320 308
2027 54 343 330
2028 61 385 370

According to the forecast results of the training
scale of controllers, the number of controllers need-
ed to be trained by the three universities will reach
the peak of recent years in 2022, and the total num-
ber is expected to 923. After 2023, it will fall back
to the basic level of pre-epidemic, and then increase
steadily year by year. With the expansion of the
scale of controller training in universities, the im-
provement of education resources allocation and the
construction of high-level teachers also need to be
speeded up to meet the requirements of controller

training in the new situation.

4 Conclusions

SVR and parameter optimization algorithm are
adopted to predict the future demand and the train-
ing scale of air traffic controllers in universities
based on the national flight support data and the ex-
isting controller data. The main conclusions are as
follows:

(1) Using grid search and 5-fold cross-valida-
tion can improve the performance of the optimal so-
lution. The accuracy of prediction algorithm can be
improved highly by using SVR that also can reduce
the difficulty of algorithm design and the complexity

of algorithm parameters. In the future, the SVR al-
gorithm can be improved and combined with other
prediction algorithms to achieve better prediction
performance.

(2) The demand for controllers in the future
will change in a U-shape. Affected by the epidemic,
the number of national flight support sorties will be
reduced. The demand for controllers will reach a
trough in 2020 and recover from 2021. It is expected
that it will return to the pre-epidemic level in 2022.
After that, the demand for controllers will keep ris-
ing steadily.

(3) The training scale of controllers in universi-
ties will be gradually expanded. With the improve-
ment of the epidemic situation and the recovery of
civil aviation, more controllers will be needed. It is
expected that the training scale of controllers will
reach the peak in 2022 when the civil aviation indus-
try fully recovers. Then it will fall back to the nor-

mal level and expand year by year.
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