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Abstract: Ultra-fast satellite clock bias (SCB) products play an important role in real-time precise point
positioning. Considering the low accuracy of ultra-fast SCB, which is unable to meet the requirements
of precise point position, in this paper, we propose a sparrow search algorithm to optimize the extreme
learning machine (SSA-ELM) algorithm in order to improve the performance of SCB prediction in
the Beidou satellite navigation system (BDS). By using the sparrow search algorithm’s strong global
search and fast convergence ability, we further improve the prediction accuracy of SCB of the extreme
learning machine. This study uses ultra-fast SCB data from the international GNSS monitoring
assessment system (iGMAS) to perform experiments. First, the second difference method is used
to evaluate the accuracy and stability of the used data, demonstrating that the accuracy between
observed data (ISUO) and predicted data (ISUP) of the ultra-fast clock (ISU) products is optimal.
Moreover, the accuracy and stability of the new rubidium (Rb-II) clock and hydrogen (PHM) clock
onboard BDS-3 are superior to those of BDS-2, and the choice of different reference clocks affects the
accuracy of SCB. Then, SSA-ELM, quadratic polynomial (QP), and a grey model (GM) are used for
SCB prediction, and the results are compared with ISUP data. The results show that when predicting
3 and 6 h based on 12 h of SCB data, the SSA-ELM model improves the prediction model by ~60.42%,
5.46%, and 57.59% and 72.27%, 44.65%, and 62.96% as compared with the ISUP, QP, and GM models,
respectively. When predicting 6 h based on 12 h of SCB data, the SSA-ELM model improves the
prediction model by ~53.16% and 52.09% and by 40.66% and 46.38% compared to the QP and GM
models, respectively. Finally, multiday data are used for 6 h SCB prediction. The results show that
the SSA-ELM model improves the prediction model by more than 25% compared to the ISUP, QP,
and GM models. In addition, the prediction accuracy of the BDS-3 satellite is better than that of the
BDS-2 satellite.

Keywords: ultra-fast satellite clock bias; sparrow search algorithm; extreme learning machine;
precision; Beidou satellite navigation system

1. Introduction

The atomic clocks on satellites provide a reference time for the satellites. As a result,
the study of satellite clock bias (SCB) has been a focus of the research community [1-3].
Currently, the most precise clock product of IGS has a lag of ~12 days and an accuracy
of 75 ps. These characteristics meet the accuracy requirements of precise single-point
positioning. However, the prediction accuracy of the ultra-fast clock product is ~3 ns.
Please note that a SCB as small as 1 ns produces a distance error of approximately 0.3 m [4].
Therefore, improving the prediction accuracy of clock bias for real-time positioning is of
great significance.
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Various scholars have been working on SCB prediction models. The well-known and
commonly used SCB prediction models include the quadratic polynomial (QP) model [5],
the grey model (GM) [6], the autoregressive integrated moving average (ARIMA) model [7],
and the Kalman filter (KF) model [8]. These models achieve good performance and are
widely applied in SCB prediction. Based on the obvious periodicity of SCB, the prediction
accuracy is improved by adding the periodic term when using the QP model to predict
SCB [9,10]. Wang et al. proposed a combination model based on the QP model in addition
to the periodic term, which used the ARIMA model to fit and predict the residuals of the QP
model. The predicted values are added to obtain the final SCB prediction value, which has
better accuracy. GM can accurately predict based on a few samples [11]. For the selection
of GM parameters, the swarm intelligence optimization algorithm can also be used, in
addition to the least square method [12-14]. Mei et al. used the order ratio sequence of
SCB for GM prediction. The consecutive multiday predictions showed that the SCB of BDS
accuracy was improved by more than half as compared with the conventional GM [15].
Liang et al. conducted SCB prediction based on the single difference, which effectively
improved the prediction accuracy and stability of SCB [16]. Song et al. introduced a
sage window adaptive adjustment residual covariance matrix to improve the KF model’s
prediction accuracy [17]. Considering the shortcomings of the single model, the combined
model can be divided into two parts, i.e., the prediction model that refits the residual value
and the addition of weight to different prediction models [18-22]. Yu et al. used the GM to
fit the residual values of the exponential smoothing (ES) model. Finally, they added the
prediction values of the GM and ES model to obtain the final SCB prediction value [19]. Li
et al. proposed the optimal non-negative variable weight strategy to address the excessive
deviation of a single model prediction [20].

Considering the characteristics of nonlinear variations in SCB, machine learning
algorithms can be effectively used for its approximation. Wang et al. used a wavelet
neural network to predict the single difference in the SCB and compared the results with
QP and GM models. The results showed that the prediction effect of the neural network
was significantly better [23]. Zhu et al. used least squares support vector machine to
predict the SCB of the PHM clock. The experimental results show that the model is
significantly better than the linear model [24]. Due to the random generation of parameters
in machine learning algorithms, the prediction results are unstable. The swarm intelligence
optimization algorithm can effectively address this problem. Wang et al. used a particle
swarm optimization wavelet neural network to predict the short-term SCB of GPS. The
accuracy obtained using this method was 0.3 ns better within 1 h, which is approximately
75% higher than the traditional model [25]. Lu et al. optimized a BP neural network based
on the evolution algorithm and improved the adaptive ability and global search ability
of the BP neural network [26]. This model achieves good prediction performance in the
short term. Therefore, machine learning algorithms can effectively improve the accuracy of
SCB prediction.

The models mentioned above focus on the precision of SCB. However, with the con-
tinuous development of society, people’s requirements for real-time positioning accuracy
are constantly increasing. As the accuracy of clock offset seriously affects the positioning,
research regarding real-time clock offset is of great significance. Lu et al. used a sliding
window mode to improve the QP model with an additional period term, then performed
SCB prediction for the IGS ultra-fast clock (IGU) product. The accuracy of this model
is significantly better compared with the prediction of IGU (IGU-P) [27]. Huang et al.
optimized the QP model by changing the weight of SCB and additional period terms,
thereby improving the prediction accuracy of IGU-P within 24 h [28]. Li et al. optimized
the parameters of the kernel extreme learning machine based on the global optimization
ability of the particle swarm optimization algorithm. The authors used the SCB of the iG-
MAS ultra-fast (ISU) product to analyze the prediction accuracy of satellites with different
orbits [29]. The analysis mentioned above focuses on the ultra-fast SCB prediction of GPS
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and BDS-2 systems, while research on the ultra-fast SCB prediction of the BDS-3 system is
relatively less extensive.

Since the BDS-3 started providing navigation and timing services to global users on
31 July 2020, it is necessary to analyze the SCB prediction of the BDS-3 satellite. Currently,
GFZ, 1GS, and iGMAS provide BDS-3 ultra-fast SCB products. iGMAS was initiated by
China in 2012, with 30 tracking stations and 13 analysis centers. The main purpose of
iGMAS is to establish a global near-real-time tracking network with ACs and multirepeat
coverage of BDS/GPS/GLONASS/Galileo [30]. Since the BDS-3 and iGMAS were built
relatively late, little research is available regarding their service performance. Therefore,
in this work, we propose a sparrow search algorithm to optimize the extreme learning
machine (SSA-ELM) algorithm to predict the SCB. Based on the global optimization ability
of the sparrow search algorithm, the initial weights and thresholds of the extreme learning
machine are determined. Afterward, the initial parameters are substituted into the extreme
learning machine for training and learning. Finally, the trained network model is used
for SCB prediction. In this work, the observation data of ISU are used for modeling and
prediction, and the accuracy of ISU-P, QP, GM, and SSSA-ELM models is analyzed.

The rest of the paper is organized as follows. In Section 2, we present some basic
principles of the SSA-ELM model. Section 3 compares and analyzes ultra-fast clock product
data analysis and prediction accuracy of GM, the QP model, ISUP, and the SSA-ELM model.
In Section 4, an analysis of multiday clock bias prediction is provided. Finally, we conclude
this work in Section 5.

2. Basic Principles
2.1. Extreme Learning Machine Algorithm

Extreme learning machine (ELM) is an algorithm for machine learning based on
feedforward neural networks [31]. ELM is commonly used to train feedforward neural
networks with a single hidden layer. An input layer, a hidden layer, and an output layer
are included in the network structure. The idea is to randomly generate the weights and
thresholds from the input layer to the hidden layer. These weights and thresholds do not
need to be updated during training, which drastically reduces training time. The output
value of the hidden layer is then calculated using the activation function of the hidden
layer. The Moore—Penrose (MP) generalized inverse matrix [32-34] is used to obtain the
hidden layer output matrix based on the principle of minimizing the difference between
the output value of the network and the expected output value. The network structure of
ELM is shown in Figure 1.

input layer hidden layer output layer

Figure 1. The architecture of ELM.



Sensors 2023, 23, 2453

4 0f 23

As presented in Figure 1, X = [x1,xp,-- -, x,] denotes the input data vector, Y =
V1,2, - ,Yn] denotes the output data vector, W = [wy, wy, - - - , w,] denotes the weight
vector from the input layer to the hidden layer, B = [by, by, - - - , b,| denotes the bias term
vector from the input layer to the hidden layer, H = [hy,hy, - - - , h,] denotes the output
value vector of the hidden layer, 8 denotes the weight array from the hidden layer to the
output layer,and Y = [y1, 12, - - - , Y| denotes the expected output vector. The main process
of the ELM algorithm is presented below.

First, based on the randomly generated weights and thresholds, the output value of
the hidden layer is calculated using the activation function of the hidden layer. This is
mathematically expressed as follows:

h(x) =g(w-x+Db) 1)

where g(x) denotes the activation function, w denotes the initial weight, b denotes the
initial bias term, and h(x) denotes the output value of the hidden layer.

The output matrix of the hidden layer and the expected output value of the output
layer are used to calculate the output weight matrix of the hidden layer according to the
principle of minimum error. The output matrix is expressed as follows:

Y = Hp @)

g(wy-x1+by) - g(wp-x;+br)
H(ws, -+ wp, by, ,b) = : : ®)

g(wy-xn+b1) - glwr-xn+br)

where H denotes the output matrix of the hidden layer, Y denotes the expected output
value, and j denotes the output weight matrix of the hidden layer. The minimum norm is
used to solve the optimal value and is expressed as follows:

p=H'Y )

where HT denotes the transformation matrix of the Moore—Penrose generalized inverse of
the matrix.

2.2. Sparrow Search Algorithm

The sparrow search algorithm is an optimization algorithm based on swarm intel-
ligence. It is mainly based on the foraging process of sparrows to find the best solution.
To accomplish this process, the sparrows are divided into producers and followers. The
producers are responsible for locating food, and the followers follow them to obtain food.
When sparrows become aware of a threat, a portion of the population becomes vigilant and
engages in antipredator behavior [35-37]. The main update process is presented below.

(1) Since the initial population is randomly generated and the individual position
distribution is not uniform, the accuracy of the resulting solution is not high. Therefore,
an improved Henon chaotic map is used to initialize the sparrow population. This is
mathematically expressed as follows:

Xp41 = —axi + |yn| +1
Ynt1 = bxy

Q)

where vy, 11 represents the initial sparrow population obtained using the Henon chaotic
map, a2 = 0.6,and b = 0.7.
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(2) To enhance the global optimization and local mining ability of the algorithm, the
inertia weight is added to the finder, and the final producer’s position update formula is
expressed as follows:

xt = ] Xipwe eXp(ﬁ)f if Ry < Sst 6)
§ X;+QL  if Ry>Ssr
W= Wy — max — Dmin 2 )

t2

max

where t represents the number of iterations, X' i denotes the latitude (j) of the i-th sparrow
during the t-th iteration, fmax denotes the maximum number of iterations, # denotes a
random number between (0, 1), R, denotes a random number between (0, 1), Sgr denotes a
random number between [0.5, 1], L denotes a matrix of dimension 1 x d (all the elements
in this matrix are 1), d denotes the dimension of a sparrow, Q denotes a random number
between (0, 1), wmax denotes the maximum weight, and wy,;, denotes the minimum weight.
The number of finders generally represents 10 to 20 percent of the total population.
(3) The follower’s location is updated according to the following expression:

Xt
LS
xlf;rl — (8)

X5+ |Xt = X5 AL, if i< 4

where Xp denotes the current optimal position occupied by the discoverer, Xyors¢ represents
the current global worst position, A represents a matrix of dimension 1 x d in which each
element is randomly assigned values of 1 or —1, AT = AT(AAT)_l, and n denotes the
number of sparrows.

(4) When the sparrow population is aware of vigilantes, they showcase antipredation
behavior. The vigilant location update formula is expressed as follows:

best+lB ’X best’ iffi>f8

) if fi="fg

t+1 _

= Xt —xt
1,] X + K < ’(f f worst
where Xbest and X!

toorst TEPTEsent the global optimal and worst positions during the ¢-th
iteration, respectively; f; denotes the fitness value of the current individual sparrow; 3
denotes the parameter of the step size; K denotes a random number in the range [-1, 1]; f¢
and f,, represent the global best and worst fitness values, respectively; and ¢ represents a
small constant to avoid zero in the denominator.

©)

2.3. SSA-ELM Model

Since ELM does not need to update the weights and thresholds of the input and hidden
layers during the training process, its training time is significantly reduced compared to the
BP neural network. In addition, the initial weights and thresholds are generated randomly,
so they significantly impact the prediction accuracy of ELM. To address this issue, SSA is
used for optimization. In this study, we optimize the ELM to predict the SCB using the
SSA. The main process is divided into two parts: (1) The SSA optimizes the ELM’s initial
parameters. (2) The SSA-estimated optimal initial values are substituted in the ELM for
training. Figure 2 depicts the operation of the SSA-ELM model:
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Figure 2. The workflow of the proposed SSA-ELM algorithm.

Step 1. The number of hidden layer nodes in the ELM is determined based on the
input and output values of the network.

Step 2. The Henon chaotic map is used to initialize the SSA algorithm.

Step 3. The fitness function is used to calculate the fitness value of each sparrow, and
the sparrow population is divided into producers and followers, accounting for 20% and
80% of the population, respectively.

Step 4. The positions of the producers are updated using Expression (6), and random
values of R; are used as the discriminant condition of Expressions (6), i.e., Ss7 = 0.7.

Step 5. The positions of the followers are updated using Expression (8), and the
median of the sparrow population is used as the discriminant condition of Expression (8).

Step 6. The positions of the vigilantes are updated using Expression (9), with the
proportion of vigilance accounting for 10%, which is randomly generated in the sparrow
population. The optimal fitness value is used as the discriminant condition of Expression (9).

Step 7. The optimal parameters obtained by the SSA algorithm are substituted into the
ELM for continuous training and prediction.

3. Ultra-Fast Clock Bias Data Analysis

In this work, we selected the ultra-fast clock products for 14 days (DOY 196-210,
2022) from iGMAS to assess the quality of the SCB. The observational data anomaly of
the ultra-fast clock product occurring on day 207 is not investigated. The ultra-fast clock
product contains 48 h of data, with the first 24 h being observation data (ISUO) and the
last 24 h being prediction data (ISUP), with a 15 min sampling interval. The precision of
ISUO data is 1 ns. Please be aware that the ISUP data are extrapolated from the ISUO
data, and their precision is 10 ns. The ultra-fast clock product is updated every 6 h, i.e.,
at the outset and at the 6th, 12th, and 18th hours. In addition, the ISUO data have a
three-hour lag time, whereas the ISUP data are real-time. In the experiments, the precision
clock product (ISC) is considered the ground truth, and the root mean square (RMS) and
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standard deviation (STD) of the residual values are used to evaluate the accuracy and
stability of the prediction [38,39]. This is expressed mathematically as follows:

RMS = ,/iié (xi —v;)* (10)

where 1 denotes the number of samples, x; denotes the clock bias data, and y; denotes the
true value of the clock bias.

STD=¢ Ly (ai— (1)

”_11':1

where A; denotes the residual between the clock bias data and the true value, and y denotes
the mean value of the residual.

As different reference clocks are selected to calculate the precision clock product and
ultra-fast clock products, it is necessary to select a satellite with good data quality as the
reference clock. This ensures the difference between other satellites and the reference clock
and eliminates the errors of the system [28,40-42]. In this work, all the satellites of the BDS
are tested. The details of the satellites are shown in Table 1. Since the atomic clock of BDS-2
is based on the Rb clock and the atomic clock of BDS-3 is based on the new rubidium (Rb-1II)
clock and hydrogen (PHM) clock, the experiment uses single-day and multiday data to
analyze the accuracy and stability of different atomic clocks.

Table 1. Types of BDS satellite atomic clocks used in this work.

Satellite Clock Type PRN
C01, C02, C03, C04, C05, C06, C07, C08, C09, C10, C11,
BDS-2 Rb C12,C13,C14
BDS-3 Rb-II C19, C20, C21, C22, C23, C24, C32, C33, C36, C37
; PHM C25, C26, C27,C28, C29, C30, C34, C35

3.1. Single-Day Accuracy Analysis

In this work, we use the ultra-fast clock products of the day (DOY 196, 2022) for
analysis. The ultra-fast clock product updated at the outset and the 6th hour is selected
for the experiments, and the first 6 h of daily data are used as the experimental data. In
addition, C11 (Rb clock), C20 (Rb-II clock), and C27 (PHM clock) are selected as reference
clocks, and the three residual sequences obtained by the second difference are ISUP-ISC,
ISUO-ISC, and ISUP-ISUO. We select different reference clocks, i.e., C08 (Rb clock), C22 (Rb
clock), and C29 (PHM clock), for precision analysis, as shown in Figures 3-5.

ISUP-ISC —— ISUO-ISC —— ISUP-ISUO

3 T T T 0 T T T T T T 0 T T T T T T
Co08

c22
2r 2/\‘\1‘\1\‘#\21\’/\/‘\/\&

,Wfﬁl,w,

Residual(ns)
T
|
S

71 1 1 1 1 1 1 8 1 1 1 1 8 1 1 1 1
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
(a) Epoch (b) Epoch (c) Epoch

Figure 3. The residual plot of the RB clock as a reference clock. (a) The residual value of C08 predicted
after 6 h. (b) The residual value of C22 predicted after 6 h. (c) The residual value of C29 predicted
after 6 h.
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ISUP-ISC —— |SUO-ISC —— [SUP-ISUO
8 T T T T T T 0.0 T T T T T T 0.0 T T T T T T
C08 C22 C29
6 1-0.5F ’
-0.5 ’
@ -1.0r b
§ ar M |
3 L5 1-1L.0f 1
2,1 |
= 2.0 .
| | 150 -
0 2.5 -
-9 | | | | | | -3.0 | | | | | | -2.0 | | | | | |
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
(a) Epoch (b) Epoch (c) Epoch

Figure 4. The residual plot of the Rb-II clock as the reference clock. (a) The residual value of C08
predicted after 6 h. (b) The residual value of C22 predicted after 6 h. (c) The residual value of C29
predicted after 6 h.

ISUP-ISC —— ISUO-ISC —— ISUP-ISUO

10 T T T T T T 2 T T T T T T 4 T T T T T T
co8 C22 C29

3+ -
1+ -
2+ -

Residual(ns)

1 1 1 1 _2 1 1
10 15 20 25 0 5
(b) Epoch

0 1 1 1 1 1 1 2
0 5 10 15 20 25 0 5
(a) Epoch

10 15 20 25

(c) Epoch

Figure 5. The residual plot of the PHM clock as the reference clock. (a) The residual value of C08
predicted after 6 h. (b) The residual value of C22 predicted after 6 h. (c) The residual value of C29
predicted after 6 h.

As presented in Figure 3, when the Rb clock is used as the reference clock, the initial
residual values of the three residual sequences of C08 are different, and the absolute value
of the initial residual value of ISUP-ISC is the lowest. The absolute values of the initial
residual values of ISUP-ISC and ISUO-ISC in the three residual sequences of C22 and C29
are lower than that of ISUP-ISUO. In addition, please note that the fluctuations in the three
residual sequences of C22 and C29 are similar, in contrast to those of C08.

As shown in Figure 4, when the Rb-1II clock is used as the reference clock, the initial
values of the three residual sequences of C22 and C29 do not differ significantly, and the
initial residual values of ISUP-ISC and ISUO-ISC are approximately 1 ns. In contrast, the
initial residual value of ISUP-ISUO is approximately 0. However, the initial values of the
three residual sequences of C08 are relatively large, and the absolute value of the initial
residual value of ISUP-ISUO is the lowest. Figure 5 demonstrates that the residual sequence
using the PHM clock as the reference clock is consistent with Figure 4.

The analysis of different residual values shows that the initial residual values of ISUP-
ISUO for the Rb-II clock and PHM clock are lower than those for the Rb clock. Moreover,
the value does not change with different reference clocks. The initial residual values of
ISUP-ISC and ISUO-ISC vary greatly when the reference clock is different. For example,
when C22 uses the Rb clock as the reference clock, the initial residual values of ISUP-ISC
and ISUO-ISC are about —5 ns, and when the Rb-II clock and PHM clock are used as
reference values, the initial residual values are 1 ns and —1 ns, respectively. In addition,
when the Rb-II clock and PHM clock are used as the reference clocks, the three kinds of
residual sequences of the SCB change minutely. On the contrary, when the Rb and Rb-II
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clock and the Rb and PHM clock are used as the reference clocks, the residual sequences of
the SCB change significantly. Table 2 shows the average accuracies of all the satellites with
different reference clocks.

Table 2. The accuracy statistics of different reference clocks (ns).

Reference

Clock c11 C20 C27
Second Rb Rb-II PHM Rb RbII PHM Rb Rb-Il PHM
Difference
ISUP-ISC 268 600 475 641 092 197 430 189 087
ISUO-ISC 260 532 418 554 089 186 361 165 068
ISUP-ISUO 189 083 077 178 039 042 174 046 049
Mean 239 405 323 458 073 142 322 133 068

As shown in Table 2, the analysis of various reference clocks reveals that when C11 is
used as the reference clock, the rubidium clock’s accuracy is 2.39 ns, which is greater than
4.05 ns and 3.23 ns for the Rb-1I and PHM clocks, respectively. When C22 is used as the
reference clock, the Rb-1I clock’s accuracy is 0.73 ns, which is greater than 4.58 ns and 1.42
ns for the Rb-1I and PHM clocks, respectively. The precision of the PHM clock is 0.68 ns
when C27 is used as the reference clock, which is greater than 3.22 ns and 1.33 ns for the
Rb-II and PHM clocks, respectively. When the reference clock is different, the precision of
various types of atomic clocks varies greatly.

ISUP-ISUO has the highest accuracy, while ISUP-ISC has the lowest accuracy, which is
unaffected by the reference clock. In addition, the accuracies of ISUP-ISC and ISUO-ISC
vary considerably when different reference clocks are used. When C20 and C27 are used as
reference clocks, the precision of various types of atomic clocks varies slightly. However,
hen C11 is used as a reference clock, the accuracies vary significantly.

3.2. Multiday Accuracy and Stability Analysis

To increase the effectiveness of the analysis, we use 13 days (DOY 197-210,2022) of
ultra-fast clock products for accuracy and stability analysis. We select satellites with better
data quality as the reference clocks. Table 3 shows the average accuracy of different types
of atomic clocks 6 h before 13 days.

Table 3. The average accuracy statistics of different reference clocks for 13 days (ns).

Reference
Cloc, Rb Rb-II PHM
Second Rb RbII PHM Rb Rb-II PHM Rb  Rb-II PHM
Difference
ISUP-ISC 674 572 449 960 110 212 758 237 14l
ISUOISC 532 533 427 808 070 159 636 172 080
ISUPISUO 357 302 271 360 093 115 304 LI15 105
Mean 521 469 382 710 091 162 566 175 109

As presented in Table 3, when the rubidium clock is selected as the reference clock,
the hydrogen clock’s precision is approximately 3.82 ns. When the new rubidium clock is
selected as the reference clock, its accuracy is approximately 0.91 ns. When the hydrogen
clock is selected as the reference clock, its precision is approximately 1.09 ns. This demon-
strates that the reference clock significantly affects the precision of various atomic clocks.
For Rb-II and PHM clocks, the accuracy is superior to that of other types of atomic clocks
when the reference clock is of the same type. No matter which reference clock is chosen for
the rubidium clock, its accuracy is at its lowest. Comparing various residual sequences,
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ISUP-ISC has the lowest overall accuracy, while ISUP-ISUO has the highest. This result is
consistent with the analysis of a single day.

Based on an analysis of the change in the degree of accuracy caused by different
reference clocks, the average change in the accuracy of the three atomic clocks is relatively
minimal. However, when Rb and Rb-II or Rb and PHM are used as the reference clocks,
the changes in the accuracies of the atomic clocks are greater. Therefore, changes in the
system of reference clocks cause a substantial change in the accuracy of satellite clock bias.
Moreover, Rb-II and PHM clocks are part of the BDS-3 system, and the SCB precision of
BDS-3 is superior to that of BDS-2.

The residual value of the second difference of SCB reflects stability. This study employs
STD to evaluate stability. Since stability is unrelated to system error, the Rb clock’s 13-
day residual value is chosen as the reference clock for analysis. Figures 6-8 depict the
distribution of residual values for ISUP-ISC, ISUO-ISC, and ISUO-ISUO. The average STD
values of various atomic clocks are shown in Table 4.
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Figure 6. The ISUP-ISC residuals of three atomic clocks. (a) The residual distribution of the RB clock.
(b) The residual distribution of the Rb-II clock. (c) The residual distribution of the PHM clock.
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Figure 8. The ISUP-ISUO residuals of three atomic clocks. (a) The residual distribution of the RB
clock. (b) The residual distribution of the Rb-II clock. (c) The residual distribution of the PHM clock.

As presented in Figure 6, the residuals of the Rb clock are concentrated between —10 ns
and 10 ns. Please note that these data are more dispersed as the residuals of the Rb-II
clock are concentrated between —4 ns and 0 ns. The residual values of the PHM clocks
are distributed between —2 ns and 1 ns, which basically conforms to the standard normal
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distribution. Therefore, the residual concentration of PHM clocks is better than that of the
Rb and Rb-II clocks. Figure 7 shows that the residuals of ISUO-ISC are similar to those of
ISUP-ISC.

As presented in Figure 8, the residual values of ISUP-ISUO show standard normal
distribution. Moreover, the concentration degree of the three atomic clocks is better than
that of ISUP-ISC and ISUO-ISC. The analysis of different atomic clocks shows that the
distribution interval of the Rb clock is the largest, and the concentration degree is lower
than that of Rb-II and PHM clocks. The concentration degree of the PHM clock is high.
The STD mean values of different atomic clocks in the residual sequence are presented in
Table 4.

Table 4. The average STD statistics of different atomic clocks (ns).

Second Difference Rb Rb-II PHM Mean
ISUP-ISC 3.71 1.41 0.99 2.03
ISUO-ISC 2.78 0.73 0.63 1.38

ISUP-ISUO 2.97 1.04 0.91 1.64
Mean 3.15 1.06 0.84

As presented in Table 4, the residual value of ISUO-ISC is optimal for STD values
of different atomic clocks. In this case, the STD values of Rb, Rb-II, and PHM clocks are
2.78 ns, 0.73 ns, and 0.63 ns, respectively. The residual value of ISUP-ISC is the worst for
STD values of different atomic clocks. In this case, the STD values of the Rb, Rb-II, and
PHM clocks are 3.71 ns, 1.41 ns, and 0.99 ns, respectively. Therefore, the ISUO-ISC is the
most stable. Moreover, the mean value of the PHM clock is 0.84 ns, which is superior to
the 3.15 ns and 1.06 ns mean values of the Rb and Rb-II clocks, respectively. Therefore, the
PHM clock is the most stable, followed by the Rb-II clock, and the Rb clock is the least
stable. Therefore, the stability of BDS-3 is better than that of BDS-2.

4. Accuracy Analysis of Ultra-Fast Clock Bias Prediction

This work uses the ultra-fast clock bias files published by iGMAS in the DOY of 196—
204 in 2022 for a total of 7 days to perform the experiment; the 202nd and 203rd days are not
analyzed due to the abnormality of the data. The SCB is predicted using the QP, GM, and
SSA-ELM models, and the models” SCB accuracy are compared to that of ISUP. In this work,
the observation part of the ultra-fast SCB is regarded as the ground truth, and the accuracy
of the predicted SCB of the model is determined by computing the difference between the
predicted SCB and the ground truth. This work involves the analysis of single-day and
multiday forecasts. Due to the updating time and lag time of ultra-fast SCB, this study
focuses on the accuracy of SCB within 6 h. Since the ultra-fast clock bias generates four
files per day, the data overlap in different time periods. In this work, the observation clock
bias in for the initial update file is used as the fitting data. For comparative analysis, the
observation data from the 6th hour of the same day and the initial hour of the following
day are used as the true values.

4.1. Prediction Analyses of Clock Bias Data with Different Fitting Times

In the experiment, the observation data for the 2022 DOY 196 ultra-fast clock product
are selected as the fitting data, and the observation data of the next day are used as the
ground truth for accuracy evaluation. QP, GM, and SSA-ELM models are used to fit
24 h prediction and 6 h clock bias prediction, and the results are compared with ISUP.
Figures 9-12 show the residual values of ISUP, QP, GM, and SSA-ELM, respectively. Table 5
shows the average accuracy of 6 h prediction based on different atomic clocks.
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Figure 9. The residual plot of the ISUP model using the initial hour update ultra-fast clock product
of the next day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3
predicted after 6 h.
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the next day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3
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Figure 11. The residual plot of GM model using the initial hour update ultra-fast clock product of
the next day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3
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Figure 12. The residual plot of the SSA-ELM model using the initial hour update ultra-fast clock
product of the next day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of
BDS-3 predicted after 6 h.
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As presented in Figures 9-12, the residual value of ISUP increases with time, and the
residual value of BDS-2 increases faster than BDS-3. Moreover, the trend of the residual
value of BDS-2 is complex in terms of rising, falling, and being stationary, and the absolute
value of the residual value of some satellites exceeds 10 ns. However, the residual values of
BDS-3 show a decreasing trend, ranging from —5 ns to —10 ns. The trends of the residual
value of the QP and GM models are similar to ISUP. However, the interval of residual
values for the BDS-2 and BDS-3 of the QP model is smaller than that of the ISUP. In addition,
the residual value of the GM model for some satellites reaches 100 ns. In the prediction
clock bias of the SSA-ELM model, the residual values of some satellites increase rapidly
with an increase in the prediction time. It is noteworthy that some satellites are relatively
stable, and this situation occurs for BDS-2/BDS-3.

At the same time, it is evident that the initial residual values of ISUP and prediction
models are large. The initial BDS-2 residual values range from —2 ns to —8 ns. Please note
that the concentration of these values is greatest for the SSA-ELM model. The initial BDS-3
residual values range from —4 ns to —6 ns. Based on this phenomenon in the prediction
models, it can be judged whether there has been a large systematic error in the ultra-fast
clock product in the past two days and the two upcoming days. In addition, some residuals
of the SSA-ELM model increase too rapidly due to an excessive amount of system error.

Aiming at the problem of a large system error caused by the ultra-fast clock product
updated in the initial hour the next day as the true value, this work selects the observation
data of the ultra-fast clock product updated at the 6th hour of the day as the true value for
experimental analysis. For the accuracy analysis of predictions performed at different times,
QP, GM, and SSA-ELM models are selected for accuracy analysis of 3 h and 6 h predictions,
where the first 24 h of data of the ultra-rapid clock product are used for modeling and are
updated in the initial hour of the day.

As presented in Figures 13-16, when the clock product updated at the 6th hour of the
day is used as the true value, the system error can be significantly decreased. The analysis
of various models reveals that the residuals of the QP model and ISUP are identical and
increase over time. In addition, the ISUP model has a faster rate of growth than the QP
model. The residual of the SSA-ELM model is the most concentrated and has the best
stability. The residual of BDS-2 ranges between —4 ns and 4 ns, while that of BDS-2 ranges
between —2 ns and 2 ns. The GM model has the largest residual range, and some satellite
predictions are incorrect. The analysis of various BDS systems reveals that BDS-2 has a
much faster residual growth rate and a wider residual distribution range than BDS-3, which
may be related to the atomic clock carried by BDS.
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Figure 13. The residual plot of the ISUP model using the 6th hour update ultra-fast clock product of
the day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3 predicted
after 6 h.
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Figure 14. The residual plot of the QP model using the 6th hour update ultra-fast clock product of
the day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3 predicted
after 6 h.
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Figure 16. The residual plot of the SSA-ELM model using the 6th hour update ultra-fast clock product
of the day. (a) The residual value of BDS-2 predicted after 6 h. (b) The residual value of BDS-3
predicted after 6 h.

Table 5. The average RMS values of 3 h for different prediction models based on 24 h of SCB data (ns).

Enhancement Enhancement Enhancement

Model ISUP QP GM  SSA-ELM .y 1SUP (%) with QP (%)  with GM (%)

Rb 175  1.09 288 0.97 44.67 11.58 66.32
Rb-1II 1.65 056 137 0.55 66.57 1.99 59.85
PHM 1.62 050 0.50 0.49 70.01 2.81 3.20

Mean 1.67 072 158 0.67 60.42 5.46 57.59
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As shown in Table 5, when 24 h of data are used to predict the following 3 h of clock
bias, the ISUP has the worst prediction accuracy, i.e., 1.75 ns for RB clocks, 1.65 ns for RB-1I
clocks, and 1.62 ns for PHM clocks. In the same order as ISUP, the QP, GM, and SSA-ELM
models rank the prediction accuracy of various atomic clocks. Based on an analysis of the
average prediction accuracy of various models, the SSA-ELM model has the best prediction
accuracy of 0.51 ns, while the ISUP model has the worst prediction accuracy of 1.67 ns.
Moreover, the prediction accuracy of the SSA-ELM model for ISUP, QP, and GM models
improved by 60.42%, 5.46%, and 57.59%, respectively. The accuracy improvement in the
SSA-ELM model is the highest for ISUP.

Table 6 demonstrates that when 24 h data are used to predict the clock bias for the
next six hours, the prediction accuracies of different models is comparable to those listed
in Table 5. Please take note that the SSA-ELM model is superior to the ISUP model. ISUP
and the aforementioned three prediction models provide the most accurate predictions
for the PHM clock. However, they reach different conclusions regarding the least atomic
clocks. SSA-ELM, GM, and QP models have the worst prediction accuracy for the Rb clock,
and ISUP has the worst prediction accuracy for the Rb-II clock. In addition, the prediction
accuracy of the SSA-ELM model for ISUP, QP, and GM models improved by 72.27%, 44.65%,
and 62.96%, respectively. On the basis of the comparison presented in Tables 5 and 6, it is
evident that as the prediction time increases, the accuracies of various prediction models
decrease to varying degrees. The SSA-ELM model’s prediction accuracy changes the least,
while the ISUP model’s prediction accuracy changes the most. Moreover, the prediction
accuracy of the SSA-ELM model for 3 h and 6 h SCB prediction is within 1 ns.

Table 6. The average RMS values of 6 h for different prediction models based on 24 h of SCB data (ns).

Enhancement Enhancement Enhancement

Model  ISUP QP GM  SSA-ELM L1 1GUP (%) with QP (%)  with GM (%)

Rb 319 188 3.93 1.13 64.66 39.93 71.25
Rb-II 335 148 209 0.80 76.04 45.71 61.72
PHM 319 148 1.27 0.76 76.10 48.31 40.05
Mean 325 161 243 0.90 72.27 44.65 62.96

At the same time, the prediction accuracy of the SSA-ELM model is the best among
the four models. It is notable that the accuracy of this prediction does not change over
time. Moreover, the prediction accuracy of the SSA-ELM model changes minutely, and
the prediction results are stable. The prediction accuracy of ISUP is the worst, and the
prediction of the GM model is unstable.

4.2. Clock Bias Prediction with Different Fitting Time Lengths

In order to analyze the effect of prediction time on the prediction accuracy, QP, GM,
and SSA-ELM models are used for comparative analysis. Since ISUP is extrapolated from
the 24 h ISUO data, the strategies of fitting 6 h and 12 h of SCB data to predict 6 h are used
for the experiment. Figures 17 and 18 show the prediction accuracy at different prediction
times. Tables 7 and 8 show the mean values of the prediction accuracies of different atomic
clocks. Please note that the anomaly of C10 data is not discussed.
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Figure 17. The prediction accuracies of BDS for 6 h obtained using 6 h of SCB data.
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Figure 18. The prediction accuracies of BDS for 6 h obtained using 12 h of SCB data.

Table 7. The average RMS values of 6 h for three prediction models based on 6 h of SCB data (ns).

Enhancement Enhancement

Model QP GM SSA-ELM with QP (%) with GM (%)
Rb 2.62 2.12 1.01 61.43 52.35
Rb-II 1.34 1.64 0.71 47.21 56.79
PHM 1.17 1.09 0.58 50.84 47.14
Mean 1.71 1.62 0.76 53.16 52.09

Table 8. The average RMS values of 6 h for three prediction models based on 12 h of SCB data (ns).

Enhancement Enhancement

Model QP GM SSA-ELM with QP (%) with GM (%)
Rb 1.89 2.40 0.97 48.33 59.40
Rb-II 1.68 1.60 0.93 44.56 41.46
PHM 1.08 1.24 0.77 29.08 38.28
Mean 1.55 1.75 0.89 40.66 46.38

As shown in Figures 17 and 18, the SSA-ELM model’s prediction accuracy is superior
to that of the QP and GM models. Moreover, this model exhibits few variations across
various satellites. When fitted with 6 h of SCB data, the QP model’s prediction accuracy is
within 8 ns for BDS-2 and 4 ns for BDS-3. The GM model’s precision varies greatly between
satellites. C04 and C33 have the worst prediction accuracy for BDS-2 and BDS-3 satellites
using the GM model, with prediction errors greater than 8 ns. As the fitting time increases,
the accuracy of the GM model for C04, C19, and C33 decreases significantly, while the
performance of the QP model for RB clocks improves significantly. Figures 6 and 7 illustrate
the statistical average accuracy of the three prediction models. Please be aware that the
anomaly satellite is not taken into account during calculations.

As presented in Tables 7 and 8, when fitting the 6 h of SCB data, the average prediction
accuracy of the SSA-ELM model is 0.76 ns, that of the QP model is 1.17 ns, and that of the
GM model is 1.62 ns. Analysis of the prediction accuracies of different atomic clocks shows
that the QP and SSA-ELM models have the worst prediction accuracies for RB clocks, and
the GM model has the worst prediction accuracy for Rb-II clocks. Compared to the QP
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and GM models, the prediction accuracies of the SSA-ELM model improved by 53.16%
and 52.09%, respectively. When fitting 12 h of SCB data, the prediction accuracy of the QP
model is 1.55 ns, which is improved to a certain extent compared to fitting 6 h of SCB data.
However, the prediction accuracies of GM and SSA-ELM models deteriorate constantly. In
addition, the prediction accuracy of the SSA-ELM model improves by about 40.66% and
46.38% compared to the QP and GM models, respectively.

The statistical results presented in Tables 6-8 demonstrate that when the fitting time
varies, all the average prediction accuracies of the SSA-ELM model are within 1 ns, while
those of the QP and GM models are within 2 ns. Please note that the prediction accuracy
of the SSA-ELM model is 40% higher than that of the QP and GM models. In addition,
when SSA-ELM and GM models are used to predict short-term clock bias, the greater the
accuracy of the prediction, the worse the fit of the data. The analysis of various atomic
clocks reveals that the accuracy of the three prediction models is lowest for the Rb clock and
highest for the PHM clock. These precisions are unaffected by the change in fitting time.

4.3. Analysis of Multiday Clock Bias Prediction

To verify the analysis results, 6 days of ultra-fast clock bias data are selected. First, the
initial residual values of ISUP and ISUO in 6 days are counted. The ISUO data are selected
from the file updated at the 6th hour of the day and the initial hour of the next day. The
statistics of the average initial residual values of different atomic clocks are presented in
Figures 19 and 20 and Table 9. Then, QP, GM, and SSA-ELM models are used to predict the
6 h clock bias, and the data are compared with the ISUP clock bias. Please note that C04 is
not analyzed due to poor data quality. The average accuracy of each satellite in the BDS
system for 6 days is calculated, and the prediction accuracy of different atomic clocks is
analyzed. Figures 21 and 22 show the clock bias prediction accuracy of BDS-2 and BDS-3
satellites, respectively. Figures 23-26 show the distribution of clock bias residual values of
ISUP, QP, GM, and SSA-ELM models, respectively. Table 10 shows the statistical results of
the 6-day average accuracy of different atomic clocks.

Table 9. The statistics of the average RMS values of initial residuals in different clock bias files.

Clock Type Rb Rb-II PHM Mean
Oh 9.75 9.42 9.64 9.60
6h 5.16 4.96 5.13 5.08

Table 10. The average RMS values of 6 days for three different prediction models (ns).

Enhancement Enhancement Enhancement

Model  ISUP QP  GM  SSA-ELM (0o \GUP (%)  with QP (%)  with GM (%)

Rb 7.08 688 7.50 454 35.90 33.98 39.43
Rb-II 554 576 6.07 4.39 20.79 23.86 27.72
PHM 572 606 5.86 436 23.86 28.17 25.72
Mean  6.11 623 6.48 443 26.85 28.67 30.96
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Figure 19. The initial residual value with a DOY of 196.
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Figure 20. The initial residual value with a DOY of 198.

As shown in Figures 19 and 20, the absolute value of the initial residual updated
at the 6th hour of the day is obviously less than its absolute value at the initial hour of
the following day. Please note that this value does not change with different satellites.
Therefore, the system error of the ultra-fast SCB observation file updated at the 6th hour of
the day is significantly less than that of the file updated at the initial hour of the following
day. Additionally, the absolute value of the initial residual varies significantly with DOY.
When the DOY is 196, the absolute value is approximately 1 ns, while when the DOY is
198, the absolute value is approximately 10 ns. According to Table 9, system errors exist in
various clock bias files. In addition, RB clocks have a larger system error than Rb-II and
PHM clocks.
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Figure 21. Multiday average prediction accuracy of BDS-2.
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Figure 22. Multiday average prediction accuracy of BDS-3.

As presented in Figure 21, for BDS-2, the prediction accuracy of the SSA-ELM model
is optimal, which is within 6 ns. The maximum prediction accuracy of C10 is also within
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9 ns. The prediction accuracy of ISUP and QP models is the same. However, the predic-
tion accuracy of the GM model for different satellites fluctuates greatly. In addition, the
prediction accuracy of ISUP, QP, and GM models for C10 and C13 satellites is the worst,
exceeding 9 ns. The performance of the SSA-ELM model is significantly higher than that of
the other models.

As presented in Figure 22, for BDS-3, the prediction accuracy of the SSA-ELM model
remains optimal. The prediction accuracy of different models is basically within 6 ns,
except that the prediction accuracy of the GM model for C19, C21, C32, and C33 exceeds
15 ns, which is significantly higher than that for the other satellites. On the other hand, the
prediction accuracy of ISUP, QP, and GM models for other satellites is roughly the same.

As presented in Table 10, the worst prediction accuracy of Rb clocks obtained using
QP, GM, SSA-ELM, and ISUP is about 6.88 ns, 7.5 ns, 4.54 ns, and 7.08 ns, respectively.
In addition, the optimal prediction accuracy of the SSA-ELM model is 4.43 ns, the worst
prediction accuracy of the GM model is 6.48 ns, whereas that of the ISUP and QP models
is 6.11 ns and 6.23 ns, respectively. As compared with QP, GM, and ISUP models, the
SSA-ELM model improves the Rb clocks” prediction accuracy by about 35.9%, 33.98%, and
39.43%, that of the RB-II clocks by about 20.79%, 23.86%, and 27.72%, and that of PHM
clocks by about 23.86%, 28.17%, and 25.72%, respectively. The SSA-ELM model improves
the prediction model by about 26.85%, 28.67%, and 30.96% compared to the ISUP, QP, and
GM models, respectively. According to the above analysis, it can be concluded that the
accuracies of the four clock bias predictions for BDS-3 are better than those for BDS-2.
Moreover, the prediction accuracy of the SSA-ELM model is significantly improved as
compared with ISUP.
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Figure 23. Multiday prediction residual statistics of the ISUP model. (a) The residual distribution
of the RB clock. (b) The residual distribution of the Rb-II clock. (c) The residual distribution of the
PHM clock.
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Figure 24. Multiday prediction residual statistics of the QP model. (a) The residual distribution of
the RB clock. (b) The residual distribution of the Rb-II clock. (c¢) The residual distribution of the
PHM clock.
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Figure 25. Multiday prediction residual statistics of the GM model. (a) The residual distribution
of the RB clock. (b) The residual distribution of the Rb-II clock. (c) The residual distribution of the
PHM clock.
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Figure 26. Multiday prediction residual statistics of the SSA-ELM model. (a) The residual distribution
of the RB clock. (b) The residual distribution of the Rb-II clock. (c) The residual distribution of the
PHM clock.

As shown in Figures 23-26, the ISUP, QP, and GM models have essentially the same
distribution of residual values for various atomic clocks, and the residual values are
concentrated. However, the SSA-ELM model’s residual values are scattered. For the Rb
clock, the residual values of the ISUP, QP, and GM models range from —15 to 10 ns, mainly
centered around 5 and —10 ns. The SSA-ELM model’s residual values range from —10 to
5 ns and are predominantly distributed between 0 and 5 ns. For the Rb-II and PHM clocks,
the residual values of the ISUP, QP, and GM models primarily occur between —5 and 10 ns
and between 0 and 5 ns. Moreover, the residual value distribution of the SSA-ELM model
is similar to that of other atomic clocks. Based on Table 10, it is evident that the cause of the
aforementioned phenomenon could be the system error between the observed data and the
prediction data of the ultra-fast clock product.

4.4. Discussion

In these case studies, we first evaluate the accuracy and stability of iGMAS clock
products and conclude that ISUP-ISUO has the highest data accuracy. Consequently, ISUO
data are utilized as the actual values for SCB prediction. In addition, the SSA-ELM model’s
SCB prediction accuracy is significantly superior to that of the ISUP, QP, and GM models.
Moreover, when the fitting time and prediction time differ, the SSA-ELM model’s prediction
accuracy is at its highest. Huang et al. and He et al. used the method of second difference
to eliminate the systematic error between different clock error products [28,42], making the
SCB prediction model more accurate. However, this problem cannot be solved effectively
due to its limited real-time performance. The prediction strategy proposed in this paper
does not process SCB data, ensuring the data’s authenticity and real-time performance.
However, there are some system errors in the SCB prediction, and this research is based
on data published by iGMAS, which are subject to network and platform limitations. In
the future, we will investigate real-time streaming data and discuss how they affect the
precision of precise point positioning.
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5. Conclusions

This study analyzes the accuracy and stability of prediction for ultra-fast SCB products
based on the second difference method. In addition, the accuracy of the ultra-fast SCB at
various fitting and prediction times is analyzed using QP, GM, and SSA-ELM models, and
the accuracy of the proposed method is compared with that of ISUP.

First, a multiday analysis of ultra-fast clock products and precision clock products
reveals that ISUP-ISUO has the highest accuracy and ISUP-ISC has the lowest data consis-
tency. This is because ISUP and ISUO both belong to ultra-fast clock offset files. However,
the STD value of ISUO-ISC is the lowest, and the STD value of ISUP-ISC is the highest. The
accuracy of the results is also affected by the choice of reference clock. When the BDS-2
satellite is the reference clock, the accuracy is greater than when the BDS-3 satellite is the
reference clock, and the same rule applies to BDS-3. PHM clocks have the best STD values,
followed by the Rb-II clocks and the Rb clocks.

Second, according to the analysis of the prediction accuracy of the QP, GM, SSA-ELM,
and ISUP models, the prediction accuracy of the SSA-ELM model is optimal at different
fitting and prediction times. In addition, the prediction accuracy of the SSA-ELM model
decreases with increased prediction time, but its accuracy is within 1 ns.

Third, based on the multiday accuracy analysis, the SSA-ELM model improves the
prediction model by 26.85%, 28.67%, and 30.96% for the ISUP, QP, and GM models, respec-
tively. In addition, the PHM clock has the highest prediction accuracy among all prediction
models. The Rb-II clock and the Rb clock are the second worst, so the prediction accuracy
of BDS-3 is superior to that of BSD-2.

The degree of residual concentration of the ISUP, QP, and GM models is better than that
of the SSA-ELM model based on the statistical results of different residual values. However,
these models have more large residual values than the SSA-ELM model. According to
the statistics of various initial residuals, the system error of iGMAS ultra-fast clock bias
products is unstable, so the residual values are less distributed around 0.

Author Contributions: Conceptualization, X.Z. and C.L. (Chao Liu); Methodology, S.Y.; Software,
S.Y; Validation, S.Y. and C.L. (Chunyang Liu); Formal analysis, X.Z. and C.L. (Chao Liu); Investigation,
S.Y., C.L. (Chao Liu), J.C. and C.L. (Chunyang Liu); Resources, J.C.; Data curation, S.Y.; Writing—
original draft, S.Y.; Writing—review & editing, X.Z.; Visualization, S.Y. and C.L. (Chunyang Liu);
Supervision, X.Z., C.L. (Chao Liu) and J.C.; Project administration, X.Z.; Funding acquisition, X.Z. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Anhui Provincial Natural Science Foundation, grant number
2208085MD101; and the Provincial Natural Science Foundation of Anhui, grant number 2018085QD171;
and the Key Project of Natural Science Research in Universities of Anhui Province, grant number
KJ2021A0443; and the Open Research Fund of Coal Industry Engineering Research Center of Collabo-
rative Monitoring of Mining Area’s Environment and Disasters, grant number KSXTJC202006; and
the Science and Technology Research Project of Colleges and Universities in Hebei Province, grant
number ZD2021023; and Major science and technology projects of Anhui Province, grant number
202103a05020026; and Key Research and Development Program of Anhui Province, grant number
202104a07020014.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: In this paper, the datasets are from the sites: http://www.igmas.org/
Product/Cpdetail /detail /nav_id /4 /cate_id /36.html (accessed on 13 November 2022).

Conflicts of Interest: The authors declare no conflict of interest.


http://www.igmas.org/Product/Cpdetail/detail/nav_id/4/cate_id/36.html
http://www.igmas.org/Product/Cpdetail/detail/nav_id/4/cate_id/36.html

Sensors 2023, 23, 2453 22 of 23

References

1. Liu,S; Yuan, Y. A Method to Accelerate the Convergence of Satellite Clock Offset Estimation Considering the Time-Varying Code
Biases. Remote Sens. 2021, 13, 2714. [CrossRef]

2. Zhang, G,;Han,S; Ye, ]J.; Hao, R.; Zhang, J.; Li, X,; Jia, K. A method for precisely predicting satellite clock bias based on robust
fitting of ARMA models. GPS Solut. 2021, 26. [CrossRef]

3. Gu, S;; Mao, E; Gong, X.; Lou, Y.; Xu, X.; Zhou, Y. Evaluation of BDS-2 and BDS-3 Satellite Atomic Clock Products and Their
Effects on Positioning. Remote Sens. 2021, 13, 5041. [CrossRef]

4. Yang, Y;Xu, Y,; Li, ]J.; Yang, C. Progress and performance evaluation of BeiDou global navigation satellite system: Data analysis
based on BDS-3 demonstration system. Sci. China Earth Sci. 2018, 61, 614-624. [CrossRef]

5. Senior, K.; Koppang, P.; Ray, ]. Developing an IGS time scale. IEEE Trans. Ultrason. Ferroelectr. Freq. Control. 2003, 50, 585-593.
[CrossRef]

6. Cui, X.; Jiao, W. Grey System Model f or the Satellite Clock Error Predicting. Geomat. Inf. Sci. Wuhan Univ. 2005, 30, 447-450.

7.  Huang, G.; Zhang, Q.; Xu, G. Real-time clock offset prediction with an improved model. GPS Solut. 2014, 18, 95-104. [CrossRef]

8.  Zhu, X,; Xiao, H.; Yong, S.; Zhuang, Z. The Kalman Algorithm Used for Satellite Clock Offset Prediction and Its Performance
Analysis. |. Astronaut. 2008, 3, 966-970.

9. Ma, Z,; Yang, L, Jia, X. Research on Prediction and Characterization of Periodic Variations in BDS Satellite Clock. |. Geod. Geodyn.
2017, 37, 292-296.

10. Ai, Q.; Xu, T; Sun, D.; Ren, L. The Prediction of BeiDou Satellite Clock Bias Based on Periodic Term and Starting Point Deviation
Correction. Acta Geod. Cartogr. Sin. 2016, 45, 132-138.

11. Wang, Y;; Lv, Z,; Sun, D.; Wang, N. A New Navigation Satellite Clock Bias Prediction Method Based on Modified Clock-bias
Quadratic Polynomial Model. Acta Astron. Sin. 2016, 57, 78-90.

12. Yu, Y,; Huang, M.; Duan, T.; Wang, C.; Hu, R. Satellite clock bias prediction based on particle swarm optimization and weighted
grey regression combined model. J. Harbin Inst. Technol. 2020, 52, 144-151.

13.  Yuan, D.; Zhang, J.; Zhang, Z.; Wei, S. BDS Clock Error Prediction Based on SAFA-FDGM (1,1) Model. J. Geod. Geodyn. 2021, 41,
672-675.

14. Pan, S.; Zhang, X,; Fan, X.; Deng, X.; Wang, B. Clock bias prediction using grey model based on SA algorithm. Sci. Surv. Mapp.
2016, 41, 23-27.

15. Mei, C,; Huang, H,; Jiang, K ; Xia, L.; Pan, X. Application of Discrete Grey Model Based on Stepwise Ratio Sequence in the Satellite
Clock Offset Prediction. Geomat. Inf. Sci. Wuhan Univ. 2021, 46, 1154-1160.

16. Liang, Y,; Ren, C.; Yang, X,; Pang, G.; Lan, L. Grey Model Based on First Difference in the Application of the Satellite Clock Bias
Prediction. Acta Astron. Sin. 2015, 56, 264-277. [CrossRef]

17.  Song, H.; Dong, S.; Qu, L.; Wang, X.; Guang, W. Research on clock difference prediction using adaptive Kalman filter based on
Sage window. Chin. J. Sci. Instrum. 2017, 38, 1809-1816.

18.  Guo, Z,; Sun, P; Li, Z. Research on the Improved Algorithm of Clock Bias Short-Term Prediction Based on GM (1,1) +AR Model. J.
Geod. Geodyn. 2020, 40, 907-912.

19. Yu, Y; Huang, M.; Wang, C.; Hu, R.; Duan, T. A New BDS-2 Satellite Clock Bias Prediction Algorithm with an Improved
Exponential Smoothing Method. Appl. Sci. 2020, 10, 7456. [CrossRef]

20. Li, F;Tang,S.; Lan, L.; Wei, Z,; Liu, Y.; Wan, H. Application of the Optimal Non-Negative Variable Weight Combination Model
for Satellite Clock Bias Prediction. J. Geod. Geodyn. 2017, 37, 942-945.

21. Xue, H.; Xu, T;; Nie, W,; Yang, Y.; Ai, Q. An enhanced prediction model for BDS ultra-rapid clock offset that combines singular
spectrum analysis, robust estimation and gray model. Meas. Sci. Technol. 2021, 32, 105002. [CrossRef]

22. Huang, G.; Cui, B.; Zhang, Q.; Fu, W,; Li, P;; Lin, Y. Real-Time Clock Offset Prediction Model with Periodic and Neural Network
Corrections. J. Astronaut. 2018, 39, 83-88.

23. Wang, Y.; Lv, Z.; Chen, Z.; Cui, Y. Research on the Algorithm of Wavelet Neural Network to Prediction Satellite Clock Bias. Acta
Geod. Cartogr. Sin. 2013, 42, 323-330.

24. Zhu,].; Wang, X.; Gao, Y.; Zhang, ].; Wang, S.B. Hydrogen atomic clock difference prediction based on the LSSVM. . Eng. 2019,
23,9017-9021. [CrossRef]

25. Wang, X,; Chai, H.; Wang, C. A high-precision short-term prediction method with stable performance for satellite clock bias. GPS
Solut. 2020, 24, 541-549. [CrossRef]

26. Lv,D.;Ou,]J.; Yu, S. Prediction of the satellite clock bias based on MEA-BP neural network. Acta Geod. Cartogr. Sin. 2020, 49,
993-1003.

27. Lv, Y; Dai, Z.; Zhao, Q.; Yang, S.; Zhou, J.; Liu, J. Improved Short-Term Clock Prediction Method for Real-Time Positioning.
Sensors 2017, 17, 1308. [CrossRef]

28. Huang, G.; Cui, B.; Zhang, Q.; Fu, W,; Li, P. An Improved Predicted Model for BDS Ultra-Rapid Satellite Clock Offsets. Remote
Sens. 2018, 10, 60. [CrossRef]

29. Li, W,; Bian, S.; Ren, Q.; Mei, C.; Pan, X. Kernel Extreme Learning Machine Based on Particle Swarm Optimization for Prediction
of Beidou Ultra-Rapid Clock Offset. . Astronaut. 2019, 40, 1080-1088.

30. Chen, K; Xu, T.; Yang, Y.; Cai, H.; Chen, G. Combination and Assessment of GMSS Clock Products from iGMAS Analysis Centers.

Acta Geod. Cartogr. Sin. 2016, 45, 46-53.


http://doi.org/10.3390/rs13142714
http://doi.org/10.1007/s10291-021-01182-3
http://doi.org/10.3390/rs13245041
http://doi.org/10.1007/s11430-017-9186-9
http://doi.org/10.1109/TUFFC.2003.1209545
http://doi.org/10.1007/s10291-013-0313-0
http://doi.org/10.1016/j.chinastron.2016.01.008
http://doi.org/10.3390/app10217456
http://doi.org/10.1088/1361-6501/abfcec
http://doi.org/10.1049/joe.2018.9170
http://doi.org/10.1007/s10291-020-01019-5
http://doi.org/10.3390/s17061308
http://doi.org/10.3390/rs10010060

Sensors 2023, 23, 2453 23 of 23

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Huang, G.; Huang, G.; Song, S.; You, K. Trends in extreme learning machines: A review. Neural Netw. 2015, 61, 32-48. [CrossRef]
[PubMed]

Nair, N.; Asharaf, S. Tensor Decomposition Based Approach for Training Extreme Learning Machines. Big Data Res. 2017, 10,
8-20. [CrossRef]

Shukla, S.; Raghuwanshi, B. Online sequential class-specific extreme learning machine for binary imbalanced learning. Neural
Netw. 2019, 119, 235-248. [CrossRef] [PubMed]

Yu, X.; Feng, Y.; Gao, Y.; Jia, Y.; Mei, S. Dual-weighted kernel extreme learning machine for hyperspectral imagery classification.
Remote Sens. 2021, 13, 508. [CrossRef]

Fan, Y;; Zhang, Y.; Guo, B,; Luo, X.; Peng, Q.; Jin, Z. A Hybrid Sparrow Search Algorithm of the Hyperparameter Optimization in
Deep Learning. Mathematics 2022, 10, 3019. [CrossRef]

Liu, G,; Shu, C.; Liang, Z.; Peng, B.; Cheng, L. A modified sparrow search algorithm with application in 3d route planning for
UAV. Sensors 2021, 21, 1224. [CrossRef]

Meng, C.; Wu, D.; Lei, Y. BP Neural Network for Satellite Clock Bias Prediction Based on Sparrow Search Algorithm. J. Geod.
Geodyn. 2022, 42, 125-131.

Wang, Y.; Lu, Z,; Qu, Y,; Li, L.; Wang, N. Improving prediction performance of GPS satellite clock bias based on wavelet neural
network. GPS Solut. 2017, 21, 523-534. [CrossRef]

Chen, J.; Miao, X.; Zhao, J.; Qiao, Y.; Yu, S. Satellite Clock Bias Prediction Based on GM (1,1) and D-MECM. . Beijing Univ. Posts
Telecommun. 2022, 45, 44-49.

Zhao, Q.; Dai, Z.; Wang, G.; Li, X; Liu, J. Real-Time Precise BDS Clock Estimation with the Undifferenced Observation. Geomat.
Inf. Sci. Wuhan Univ. 2016, 41, 686-691.

Lou, Y.; Shi, C.; Zhou, X.; Ye, S. Realization and Analysis of GPS Precise Clock Products. Geomat. Inf. Sci. Wuhan Univ. 2009, 34,
88-91.

He, L.; Zhou, H.; Zhu, S.; Zeng, P. An Improved QZSS Satellite Clock Offsets Prediction Based on the Extreme Learning Machine
Method. IEEE Access 2020, 8, 156557-156568. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1016/j.neunet.2014.10.001
http://www.ncbi.nlm.nih.gov/pubmed/25462632
http://doi.org/10.1016/j.bdr.2017.07.002
http://doi.org/10.1016/j.neunet.2019.08.018
http://www.ncbi.nlm.nih.gov/pubmed/31472290
http://doi.org/10.3390/rs13030508
http://doi.org/10.3390/math10163019
http://doi.org/10.3390/s21041224
http://doi.org/10.1007/s10291-016-0543-z
http://doi.org/10.1109/ACCESS.2020.3019941

	Introduction 
	Basic Principles 
	Extreme Learning Machine Algorithm 
	Sparrow Search Algorithm 
	SSA-ELM Model 

	Ultra-Fast Clock Bias Data Analysis 
	Single-Day Accuracy Analysis 
	Multiday Accuracy and Stability Analysis 

	Accuracy Analysis of Ultra-Fast Clock Bias Prediction 
	Prediction Analyses of Clock Bias Data with Different Fitting Times 
	Clock Bias Prediction with Different Fitting Time Lengths 
	Analysis of Multiday Clock Bias Prediction 
	Discussion 

	Conclusions 
	References

