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Abstract

To address the challenges of discrete control and real-time decision-making for impulse-
controlled vehicles, this study proposes a landing-point prediction and control algorithm
based on a Bidirectional Long Short-Term Memory (Bi-LSTM) neural network. The algo-
rithm employs the Bi-LSTM network to accurately predict the vehicle landing point in real
time, and subsequently computes the vehicle–target deviation to determine the optimal
impulse-ignition parameters. Simulation results demonstrate that the Bi-LSTM prediction
model significantly outperforms traditional BP, LSTM, and GRU networks, achieving a final
landing-point prediction error with a mean per-axis RMSE of 1.96 m (three-dimensional
error norm of 3.87 m). Based on these prediction outcomes, two control strategies—“nearest-
point ignition” and “ignition delay”—are compared. Monte Carlo experiments indicate
that both strategies effectively enhance landing accuracy, with the nearest-point ignition
strategy showing superior performance, reducing the circular error probable (CEP) from
the uncontrolled 72.60 m and 124.82 m (at launch angles of 23◦ and 51◦, respectively) to
7.20 m and 10.30 m. This study provides a high-precision, terminal-phase control solution
for impulse-controlled vehicles, with implications for the low-cost onboard implementation
of discrete impulse control.

Keywords: two-dimensional trajectory-corrected vehicle; Bidirectional Long Short-Term
Memory (Bi-LSTM) neural network; landing-point prediction; ignition strategy;
impulse control

1. Introduction
With the evolution of modern warfare and technological advancement, the variety

and operational effectiveness of intelligent munitions have significantly increased [1]. As a
low-cost approach to upgrading conventional ammunition, ballistic-corrected projectiles
have gained global research interest due to their advantages in improving firing accuracy,
enhancing long-range suppression, ensuring lethality, and reducing collateral damage [2,3].
Modular correction mechanisms leverage existing ammunition inventories, reduce sys-
tem costs through integrated sensing and control units, and maintain strike accuracy [4].
Current research on two-dimensional trajectory-corrected projectiles has progressed in
aerodynamic correction mechanisms such as canard [5,6], spoiler [7], movable-mass [8,9],
and tail-fin systems [10].
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Aerodynamic correction mechanisms, however, often involve complex control sys-
tems and high costs. In contrast, impulse-based correction mechanisms [11–13] offer fast
response, strong environmental adaptability, and high efficiency, making them a primary
research focus, with performance further improvable through integrated structural design.

Impulse-corrected projectiles exhibit hybrid control characteristics—continuous state
space and discrete action space—posing challenges for traditional control methods. This
paper proposes a landing-point prediction and control algorithm based on a Bidirectional
Long Short-Term Memory (Bi-LSTM) network. The algorithm’s core is to accurately predict
the impact point, compute the deviation from the target, and optimize impulse-ignition
parameters accordingly.

This study focuses on: (1) building a fast and accurate landing-point prediction model,
and (2) designing a rational and efficient ignition decision strategy. The Bi-LSTM archi-
tecture effectively captures long-term dependencies in sequential data, making it suitable
for time-series prediction. Thus, a Bi-LSTM model is developed for high-precision impact
estimation, offering robustness and applicability advantages over traditional methods.

Based on predicted impact points, this paper also investigates rapid decision-making
for ignition-control parameters. By analyzing the projectile–target deviation vector, two con-
trol strategies—“nearest-point ignition” and “ignition delay”—are compared via simulation
to assess their accuracy and effectiveness.

2. Overview of the Algorithmic Framework
Given the discrete control characteristics of impulse-corrected projectiles, traditional

guidance laws can suppress impact-point dispersion to some extent but are limited in
theory and applicability. Heuristic strategy search algorithms offer a new approach for
impulse-ignition decision-making, yet their iterative computations often fail to meet real-
time requirements.

To address this, this paper proposes a landing-point prediction and control algorithm
based on a Bi-LSTM network. The algorithm consists of two core modules: trajectory
prediction and impulse-ignition logic computation, as illustrated in Figure 1.
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Figure 1. Logic diagram of the impact-point prediction control algorithm based on Bi-LSTM.

After launch, the projectile’s position and velocity are measured by an onboard BeiDou
Navigation Satellite System (BDS). Filtering suppresses measurement noise. Control actions
are concentrated in the terminal phase, where perturbations cause significant deviations.

Once the projectile enters terminal guidance and meets a correction threshold, filtered
data serve as the initial state for landing-point prediction. If the correction condition is
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unmet, prediction–evaluation continues. Once met, the optimal impulse-ignition strategy
is computed from the deviation between the predicted impact point and the target.

Unlike traditional guidance laws, this method evaluates the projectile–target state
in real time and predicts the terminal position, capturing deviation dynamics without
geometric constraints. The core of the algorithm is precise landing-point prediction and
rapid ignition decision-making, detailed in subsequent sections.

3. Projectile Trajectory Prediction Method Based on a Bi-Lstm Network
Model
3.1. Network Structure and Principle of Bi-LSTM

This paper develops a landing-point prediction model for impulse-corrected projectiles
using a Bidirectional Long Short-Term Memory network. Trajectory data are generated
via a six-degree-of-freedom ballistic model. The model’s performance is evaluated against
Back Propagation, LSTM, and GRU networks on a shared test set.

Compared to traditional methods such as linearized models and the extended Kalman
filter—which are constrained by complex dynamics, specific operational conditions, and
sensitivity to launch variations—the deep learning approach offers greater robustness,
adaptability, and real-time capability.

As trajectory prediction constitutes a time-series task, recurrent architectures are well-
suited. The Bi-LSTM network enhances temporal representation by processing sequences
bidirectionally, improving accuracy in capturing long-range dependencies.

Among related efforts, Su et al. [14] combined a convolutional neural network with
a support-vector machine for drop-point prediction, and Ren and Xian [15] improved
the training efficiency of neural-network landing-point prediction models through an
improved second-order optimizer with parallel learning. These studies, however, address
the prediction stage alone, whereas the present work couples the Bi-LSTM predictor with
the discrete ignition-decision logic of an impulse-controlled vehicle and evaluates the
closed-loop landing accuracy under Monte Carlo disturbances.

The implemented Bi-LSTM learns the nonlinear mapping from projectile state se-
quences to impact coordinates through supervised training, optimized via prediction error
minimization. The training process is depicted in Figure 2.
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Simulate Projectile Trajectory

Build Trajectory Dataset

Load Training Dataset

Data Preprocessing and 
Network Initialization

Train Bi-LSTM Model

Evaluate Model

Predict Trajectory Data 
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and Parameters
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with Error Criteria

Yes

No

Figure 2. Schematic diagram of the training process for trajectory prediction.
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3.2. Projectile Trajectory Dataset Construction and Evaluation Metrics

(1) Dataset Construction

Trajectory data were generated using six-degree-of-freedom nonlinear ballistic equa-
tions with a 0.002 s simulation step. The dataset, created via Latin Hypercube Sampling,
comprises 1200 trajectories covering the parameter ranges in Table 1. The sampling ranges
were selected to cover the full operational envelope of the reference vehicle: initial velocities
of 415–713 m/s and elevation angles of 20–70◦ span the flat-trajectory and lofted regimes,
the azimuth range of ±2◦ covers the nominal lateral launch spread, and wind speeds of
±10 m/s represent the representative crosswind and head/tailwind conditions. Latin
Hypercube Sampling was adopted because it achieves space-filling coverage of this four-
dimensional parameter space with a moderate sample budget, avoiding the local clustering
associated with simple random sampling. Split into 7:3 training-testing sets, each trajectory
contains over 17,000 sample points, serving as ground truth for model evaluation. The pro-
posed data-driven framework is in principle transferable to other vehicle configurations by
retraining on mission-specific trajectory data, although a systematic cross-type evaluation
(e.g., via cross-validation or transfer learning) is identified as future work. Figure 3 shows
example trajectories.

Table 1. Sampling parameters of projectile trajectories.

Parameter Sampling Range

Initial Velocity/(m/s) [415, 713]
Initial Trajectory Elevation Angle/(◦) [20, 70]
Initial Trajectory Azimuth Angle/(◦) [−2, 2]

Wind Speed/(m/s) [−10, 10]

Figure 3. Partial trajectory illustration of the projectile dataset (ground truth).

(2) Dataset Preprocessing and Evaluation Metrics

A total of 1200 trajectory datasets were simulated based on the target motion equations.
Before model training, all data were normalized using zero-centered standardization,
applied uniformly across all compared models. The standardization is computed as follows:

xnew =
x − µ

σ
(1)

In the equation, x is the original feature value, xnew is the standardized value, µ is the
mean, and σ is the standard deviation.
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After preprocessing and parameter initialization, the dataset is split 70% for training
and 30% for testing. The trajectory prediction model is optimized using gradient descent
with the Adam optimizer and evaluated using the Cross-Entropy loss function, defined as:

H(p, q) = ∑
i

p(i)· log
(︃

1
q(i)

)︃
(2)

Here, p(i) denotes the true distribution, and q(i) denotes the non-true (predicted) distribution.
In addition, the Root Mean Square Error (RMSE) is used as a quantitative metric to

compare the performance of different prediction models, which is defined as follows:

RMSE =

√︃
1
n∑n

i=1(Xestimate − Xreal)
2 (3)

3.3. Bi-LSTM Network Trajectory Prediction Model

In deep learning, hyperparameter selection critically influences training outcomes,
particularly network architecture and learning rate settings. For all comparative models
in this section, a base learning rate of 0.1 is used with an exponential decay schedule
(decay rate 0.95). The batch size is set to 64. The architectural parameters of the compared
models—Bi-LSTM, LSTM, GRU, and BP—are detailed in Table 2.

Table 2. Network structure parameters of the projectile prediction comparison models.

Model Layer Definition Layer Parameters

Bi-LSTM Model

Bi-LSTM Layer 1 128 Neurons

Dropout Layer 1 Dropout Rate 0.2

Bi-LSTM Layer 2 Number of Neurons 64

Dropout Layer 2 Dropout Rate 0.2

Fully Connected Layer 4 Neurons

LSTM Model

LSTM Layer 1 80 Neurons

Dropout Layer 1 Dropout Rate 0.2

LSTM Layer 2 80 Neurons

Dropout Layer 2 Dropout Rate 0.2

Fully Connected Layer 4 Neurons

GRU Model

GRU Layer 1 80 Neurons

Dropout Layer 1 Dropout Rate 0.2

GRU Layer 2 80 Neurons

Dropout Layer 2 Dropout Rate 0.2

Fully Connected Layer 4 Neurons

BP Model

BP Layer 1 80 Neurons

Dropout Layer 1 Dropout Rate 0.2

BP Layer 2 80 Neurons

Dropout Layer 2 Dropout Rate 0.2

Fully Connected Layer 4 Neurons

The Bi-LSTM model consists of two stacked bidirectional LSTM layers with 128 and
64 neurons, respectively. A Dropout layer follows each Bi-LSTM layer to mitigate over-
fitting. The LSTM, GRU, and BP models adopt comparable structures. To align with the
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filtering process during the uncontrolled initial flight phase, the selected input features
include the projectile’s position and velocity.

3.4. Trajectory Prediction Simulation Experiments for the Projectile

(1) Analysis of Prediction Results for Each Model

Four prediction models—BP, GRU, LSTM, and Bi-LSTM—were trained and evaluated
on the same test set. The distribution of mean prediction errors and the overall RMSE for
each model are presented in Figure 4 and Table 3. Results show that the Bi-LSTM model
achieves the highest accuracy, with an average RMSE of 0.0493. The BP network exhibits
significantly larger errors than the LSTM and GRU models, confirming the advantage of
recurrent architectures in time-series prediction.
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Figure 4. Mean error distribution of each feature in the test set.

Table 3. Model evaluation parameters.

Model BP LSTM GRU Bi-LSTM

RMSE 0.1701 0.0582 0.0653 0.0493

(2) Online Prediction and Error Analysis

The saved models were used for online trajectory prediction via an iterative multi-
step approach. Using an input sequence of 10 trajectory points, rolling predictions were
generated and evaluated against ground truth using RMSE.

Cumulative prediction error curves are shown in Figure 5 and Table 4. The Bi-LSTM
model achieved the highest accuracy, improving range prediction by 55.52% over BP and by
approximately 28~29% over LSTM and GRU. In altitude prediction, Bi-LSTM outperformed
the best comparable model (LSTM) by about 11.15%.

Overall, LSTM and GRU performed similarly and significantly better than BP. For
final impact-point prediction, the Bi-LSTM model yielded average absolute errors of 2.16 m
in range, 3.16 m in altitude, and 0.57 m laterally, with a total error of 1.96 m, meeting
accuracy requirements.
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Figure 5. RMSE of cumulative predictions for each feature.

Table 4. Comprehensive evaluation of cumulative predicted position errors.

Model BP LSTM GRU Bi-LSTM

Position RMSE/m 3.9275 2.5374 2.6438 1.9617

A complete trajectory was selected from the test set. After 43 s of observation, the
state estimate at that time served as the initial condition for subsequent prediction using
the trained Bi-LSTM model. The model predicted the three-dimensional trajectory—range,
altitude, and lateral deviation.

To simulate the actual pulse-correction process, an extended Kalman Filter [16] based
on a nonlinear ballistic model was applied to filter the first 43 s of observed data. BDS mea-
surements were simulated by adding parameterized Gaussian noise to the true trajectory.
The Gaussian noise parameters used were: σx = 10 m, σy = 10 m, σz = 5 m, σv = 5 m/s.

To visualize the complete filtering and prediction process, the position estimates from
the EKF were combined with the Bi-LSTM model predictions and compared with the true
projectile trajectory. The interval from 0 to 43 s represents the EKF-filtered state estimates,
while 43.00–62.79 s corresponds to the Bi-LSTM predictions. A comparison of the true
coordinates, EKF estimates, and Bi-LSTM predictions is presented in Figure 6.

Figure 6. 3D trajectory plot based on the Bi-LSTM prediction model.

It should be emphasized that this evaluation uses EKF-filtered inputs rather than noise-
free trajectories, and therefore reflects the complete cascaded sensing–filtering–prediction
pipeline of the onboard implementation. The assumed velocity-noise standard deviation
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of 5 m/s is a conservative worst-case assumption, deliberately larger than the accuracy of
BDS-derived velocity solutions for dynamic platforms. To further quantify the robustness
to measurement noise, the noise level was additionally scaled by factors of 0.5 and 2 relative
to the baseline; the final landing-point prediction errors remained within 3.1 m and 5.6 m,
respectively, indicating that the cascaded EKF–Bi-LSTM pipeline degrades gracefully as
the noise level increases.

Based on the comprehensive trajectory prediction simulations and corresponding
analysis, the Bi-LSTM model demonstrates superior performance compared to the BP,
LSTM, and GRU models. The Bi-LSTM-based impact-point prediction model achieves
high-precision trajectory forecasting, meeting the accuracy requirements for engineering
applications. This provides a reliable foundation for the subsequent optimization and
design of control parameters for pulse-corrected projectiles.

The predictor’s computational cost is fixed: a single landing-point inference involves
only a few million floating-point operations, corresponding to several milliseconds of
latency on typical embedded processors—well within the 50 ms pulse-ignition interval.
Unlike on-board numerical trajectory propagation, whose cost grows as the landing point is
approached, this cost remains constant regardless of the remaining flight time. Hardware-
in-the-loop latency validation is left as future work.

4. Pulse-Corrected Projectile Ignition Logic Control Strategy
4.1. Calculation of Deviation Vector Parameters

Based on the previously proposed trajectory prediction method and real-time BeiDou
positioning data, the projectile’s impact point P can be accurately predicted. The deviation
vector between P and the target T is then calculated to determine the pulse ignition control
strategy, enabling trajectory correction.

A deviation coordinate system is established as shown in Figure 7, with origin O at
target T. Its axes OX and OZ are aligned with the ground coordinate system axes O1x
and O1z.

Predict Impact 
Point P

Target T

X

Z

E


EX

EZO

Figure 7. Schematic of ballistic deviation.

Thus, the deviation vector components in the range and lateral directions are given by{︄
XE = xP − xT

ZE = zP − zT
(4)

The magnitude of the deviation vector to be corrected, i.e., the deviation vector angle,
is defined as follows: ⃓⃓⃓⃓

⇀
E
⃓⃓⃓⃓
=

√︂
X2

E + Z2
E (5)
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γE = arctan
(︃

ZE
XE

)︃
(6)

4.2. Nearest-Impulse Firing Algorithm

Regarding the pulse engine ignition sequence, two strategies are considered: (1) se-
lecting the engine based on the nearest-ignition principle, and (2) introducing a delay to
achieve the optimal control phase angle. This section details the parameter calculation
process using the nearest-ignition algorithm as an example.

(1) Ballistic Correction Threshold RE

When the projectile enters the terminal phase with unused thrusters, the predicted
impact point at time t is compared with the target. If their deviation is below the threshold
RE, control parameter computation stops, and the ignition decision module activates. The
threshold reflects the single thruster correction capability at time t; earlier initiation yields
a larger RE.

(2) Pulse Thruster Ignition Mode

A “first-pulse triggered, sequentially evaluated” scheme is adopted. Consecutive
firing may induce oscillations, but the aerodynamic design ensures flight stability under
this mode.

(3) Required Control Phase Angle of the Pulse Thruster γimp

The ideal control phase angle γimp is defined as the direction of the deviation vector
in the ballistic deviation frame, corresponding to the angular bisector of the thruster’s
effective impulse period.

(4) Operating Stage Number of the Pulse Thruster

Once γimp is determined, the candidate thruster is selected via the nearest ignition
principle. If available, it is ignited, and the used thruster count Nd is updated (Nd ≤ Nimp).

Let γk denote the azimuth of the k-th thruster in the projectile axis frame (Figure 8).
These directions are transformed into the ballistic deviation coordinate system. The selected
thruster must satisfy that the angular difference between its effective force direction and γE

stays within an allowable range.

Figure 8. Axial installation diagram of pulse engines.

The value of the allowable angular deviation δ reflects the following considerations.
First, during the effective pulse duration tp of a single thruster, the thrust direction rotates
with the vehicle spin by ωxtp, so δ must at least cover this rotation for the effective im-
pulse to remain aligned with the desired correction direction. Second, δ must not exceed
half of the angular spacing between adjacent thrusters (180◦/Nimp); otherwise, there
would be roll positions in which no thruster satisfies the selection criterion. Third, a maxi-
mum misalignment δ reduces the effective lateral impulse component by a factor of cos
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δ, which is an acceptable efficiency loss. Finally, the roll-angle determination error of the
on-board sensing system should be well below δ, leaving an adequate margin. Consid-
ering these factors together, δ is set to 12◦, i.e., half of the inter-thruster spacing for the
15-thruster configuration.

Considering the low-spin characteristic of the projectile, the pulse-force direction
rotates by an angle

.
γτ during the operating time τ of a single pulse. Therefore, the

criterion is ⃓⃓⃓
γk +

.
γτimp / 2 + 180

◦ − γE

⃓⃓⃓
< δw (7)

Which is adopted as the thruster-selection rule in the nearest-ignition algorithm
Based on the above analysis, the control process of the pulse-corrected projectile

employing the nearest-ignition algorithm is shown in Figure 9.

Enter The Terminal Control Phase Of 
The Impulse-Corrected Projectile

Initial Value Of Pulse 
Stage Number Nd Is 0

Impact Point Prediction And Trajectory 
Deviation Vector Calculation

Whether It Exceeds The 
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Start

Trajectory Data Observed By The BDS System

Measurement and Filtering of 
Position and Attitude Information

YES
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Whether The K-th Pulse Engine Is Used

Ignite，Nd = Nd +1

Nd ≤Nimp 

End

Calculate The Ideal Control Phase Angle 
Of The Impulse Thruster impγ

Determine The Pulse-Engine Index k According
            To The / 2 180k imp E wγ γτ γ δ°+ + − <

ER
NO

YES

NO

YES

Figure 9. Control flow of the pulse-corrected projectile under the nearest-engine firing logic.

4.3. Nearest-Impulse Firing Algorithm

The preceding section presented the control process of the pulse-corrected projectile
based on the nearest-ignition strategy. In contrast, the control strategy that accounts for
ignition delay differs significantly in the determination of the pulse-thruster index k. This
strategy requires that the thruster scheduled for ignition must precisely reach the ideal
control azimuth angle before it can be triggered. The computation procedure for the
corresponding control parameters is shown in Figure 10.

Let the Nimp pulse thrusters be sequentially numbered as 1, 2, . . ., n, where the Oy1-axis
of the projectile coordinate system corresponds to thruster No. 1, and the angular spacing
between adjacent pulse thrusters is 2π/n.

Assume that at the control-parameter computation instant t0, the ballistic-deviation
vector angle is γE, meaning that the correction must be applied when the projectile reaches
the ideal control azimuth angle γimp = γE. By transforming γimp into the projectile
coordinate system, the clockwise angle γ1 between the ideal control azimuth and the
Oy1-axis is computed as

γ1 =

{︄
γimp − γ γimp ≥ γ

2π + γimp − γ γimp < γ
(8)
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Figure 10. Control flow of the pulse-corrected projectile under the ignition-delay logic.

To ensure that the resultant pulse-control force is aligned with the ideal control phase
angle, the initial operating phase angle of the pulse thruster γ2 in the simulation must
satisfy the following relation:

γ2 =

{︄
γ1 −

.
γτ/2 γ1 ≥ .

γτ/2
2π + γ1 −

.
γτ/2 γ1 <

.
γτ/2

(9)

Considering that the projectile under study has a right-hand spin, the index of the
pulse thruster k is closest to γ2 in the counterclockwise search direction is

k = INT
[︁
γ2/

(︁
2π/Nimp

)︁
+ 1

]︁
(10)

In this expression, the mathematical operator INT denotes the integer operation.
At the simulation computation instant t0, although the corresponding pulse-ignition

index has been obtained, it is difficult to ensure that the pulse thruster is exactly at the
position γ2 at that moment. To achieve higher control accuracy, the pulse-ignition delay
can be computed using the following expression:

τd =

{︄ (︁
γ2 − (k − 1)2π / Nimp

)︁
/

.
γ γ2 ≥ (k − 1)2π/Nimp(︁

2π + γ2 − (k − 1)2π/Nimp
)︁
/

.
γ γ2 < (k − 1)2π/Nimp

(11)

Figure 11 illustrates the geometric relationships of the angles involved in the above
computation process.

η

ζ

y1

z1Fimp

O

2γ
1γ

γ impγ

γτ

Figure 11. Schematic of angles related to ignition delay calculation.
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5. Simulation Examples and Analysis
Based on the above analysis, the nearest-ignition strategy tolerates some de-

viation between the average pulse-control direction and the ideal deviation vector,
which may reduce correction accuracy. However, by initiating control earlier than the
ignition-delay strategy—which waits for the ideal control azimuth—it enhances overall
correction capability.

The simulation conditions and parameters are shown in Table 5. Under the specified
initial simulation conditions, the uncontrolled impact point under wind disturbance is
(xe, ye, ze) = (11840.63, 0,−250.90). For the same target point (xt, yt, zt) = (12050, 0,−110),
control is initiated at a slant range of 1.5 km. The ballistic characteristic curves and
correction-performance results under different ignition strategies are shown in Table 6
and Figures 12–15. In the figures, the “ideal trajectory” corresponds to the uncontrolled
trajectory under no-wind conditions, the “disturbed trajectory” refers to the uncontrolled
trajectory under wind disturbance, and the “corrected trajectory” represents the trajectory
after control is applied based on the target location.

Table 5. Consolidated simulation parameters of the correction simulation.

Parameter Value

Initial velocity v0 655 m/s

Initial elevation angle θ0 0◦

Initial lateral position (x0, y0, z0) (0, 0, 0) m

Vehicle mass 20.348 kg

Moments of inertia (Jx, Jy) (0.0383, 0.44335) kg·m2

Wind speed −10 m/s

Number of pulse thrusters Nimp 15

Single-pulse impulse I 35 N·s
Axial eccentricity 60 mm

Pulse-ignition interval 50 ms

Control-initiation slant range 1.5 km/3.5 km

Table 6. Comparison of correction performance with control initiation at 1.5 km.

Pulse-Ignition
Strategy

Number of Pulse
Operating Stages

Corrected Impact
Point/m (xp, zp)

Correction Error/m
(xt − xp, zt − zp)

Correction
Magnitude/m

(xe − xp, ze − zp)

Nearest-Ignition 15 (12,050.58, −108.05) (−0.58, −1.95) (−209.95, −142.85)
Ignition Delay 14 (12,015.88, −107.72) (34.12, −2.28) (−175.25, −143.18)

The simulation results indicate that both ignition-control algorithms are capable of
triggering the corresponding pulse thrusters according to their respective logic, thereby
altering the projectile’s flight trajectory through pulse thrust and guiding it to converge
toward the target. Analysis of the time histories of velocity magnitude and direction shows
that the pulse action continuously influences the projectile’s motion characteristics.

During the pulse-control process, the maximum angle of attack generated by the
nearest-ignition strategy is approximately 11.44◦, while that produced by the ignition-
delay algorithm is approximately 11.58◦. Both values satisfy the prescribed angle-of-attack
constraints, demonstrating that the control process remains stable and reliable.
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(a) Time History of Pulse Force
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Figure 12. Time histories of pulse-related characteristics (nearest-ignition, control initiation at 1.5 km).

According to the data in Table 5, the correction error of the nearest-ignition strategy
is significantly smaller than that of the ignition-delay control strategy. In the range and
lateral directions, the errors for the nearest-ignition strategy are −0.58 m and −1.95 m,
respectively, outperforming the ignition-delay strategy, which exhibits errors of 34.12 m
and −2.28 m. Comparing the number of pulse operating stages, the ignition-delay scheme
triggers only 14 pulse thrusters, fewer than the nearest-ignition scheme.

Figures 12–15 show the time histories of pulse characteristics and ballistic pa-
rameters under the two strategies. By comparing the pulse-ignition sequences in
Figures 12b and 15b, it can be seen that although both strategies trigger the same thruster
index for the first pulse, the ignition-delay algorithm exhibits a persistent lag in sub-
sequent timing, resulting in a later completion of all pulse actions compared with the
nearest-ignition scheme.

In summary, while the ignition-delay strategy aligns the control force more precisely
with the ideal azimuth, its delayed initiation substantially reduces correction effectiveness.
The simulation confirms that advancing the control time contributes more to performance
than improving phase-angle accuracy. Thus, control-initiation time is the dominant factor
in pulse-corrected projectile guidance.
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(a) Comparison of velocity characteristics 

(b) Time history of angle-of-attack magnitude 
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Figure 13. Time histories of ballistic characteristics (nearest-ignition, control initiation at 1.5 km.

Based on the preceding analysis, the primary reason for the large correction error of
the ignition-delay algorithm is the delayed control-initiation time. For the same target point
(xt, yt, zt) = (12050, 0,−110), the control-initiation point is advanced to a slant range of
3.5 km while keeping all other simulation parameters unchanged. The comparison results
of correction performance and pulse-ignition sequences for the two ignition algorithms are
shown in Table 7 and Figure 16.

Table 7. Comparison of correction performance with control initiation at 3.5 km.

Pulse Ignition
Strategy

Number of Pulse
Operating Stages

Corrected Impact
Point/m (xp, zp)

Correction Error/m
(xt − xp, zt − zp)

Correction
Amount/m

(xe − xp, ze − zp)

Nearest-Ignition 13 (12,053.01, −108.87) (−3.01, −1.13) (−212.38, −142.03)
Ignition Delay 15 (12,048.33, −109.10) (1.67, −0.90) (−207.70, −141.80)
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(a) Time history of pulse force 

(b) Time history of pulse torque 

Figure 14. Time histories of pulse-related characteristics (ignition delay, control initiation at 1.5 km).
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(b) Time history of angle-of-attack Magnitude 

(°
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Figure 15. Time histories of ballistic characteristics (ignition delay, control initiation at 1.5 km).

(a) Ignition sequencing of the nearest-phase pulse algorithm 
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(b) Ignition sequencing of the phase-delay pulse algorithm 
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Figure 16. Comparison of ignition sequences for different pulsed-thruster control algorithms (initia-
tion point: 3.5 km).
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The simulation results indicate that advancing the control-initiation point provides the
ignition-delay algorithm with more sufficient pulse-action time, reducing its final absolute
correction error to 1.90 m, slightly better than the 3.22 m achieved by the nearest-ignition
scheme. However, in terms of the number of pulse operating stages, the nearest-ignition
scheme demonstrates lower energy consumption requirements. This is because, with an
earlier control-initiation time, fewer pulse actions are needed to achieve the same projectile–
target deviation correction, highlighting the advantage of the nearest-ignition strategy in
control efficiency.

To systematically evaluate the performance of the control algorithms, thelanding
pointsof uncontrolled and controlled trajectories were compared under two launch-angle
conditions, 23◦ and 51◦. A Monte Carlo dispersion simulation with 100 runs per condition
was conducted to analyze the dispersion of landing points, with the distributions and
standard deviations of the error parameters listed in Table 8. The simulation results are
presented in Tables 9 and 10. The CEP was estimated as the empirical median of the radial
miss distances over the 100 runs of each condition.

Table 8. Statistical summary of major disturbance factors affecting the impact dispersion of the
impulse-corrected projectile.

Name of Error Parameter Distribution Pattern Standard Deviation

Projectile Mass Error ∆m Normal Distribution 0.05 kg
Muzzle Velocity Error ∆v0 Normal Distribution 2 m/s

Initial Launch-Angle Error ∆θ0 Normal Distribution 0.2◦

Initial Trajectory Deviation
Angle Error ∆ψ0

Normal Distribution 0.2◦

Wind Speed Error∆ϖ0 Normal Distribution 3 m/s
Drag Coefficient ∆cx Normal Distribution 0.02
Lift Coefficient ∆cy Normal Distribution 0.03

Static Moment Coefficient ∆mz Normal Distribution 0.03
Thruster impulse tolerance ∆I Normal Distribution 1.05 N·s (3% of nominal)

Ignition timing jitter ∆td Normal Distribution 2 ms

Table 9. Comparison of impact dispersion under different ignition algorithms (launch angle 23◦).

Pulse-Ignition
Strategy

Range
Dispersion/m

Lateral
Dispersion/m CEP/m

Uncontrolled with
Wind 56.97 27.60 72.60

Nearest
Ignition 5.31 3.08 7.20

Ignition Delay 6.72 3.52 8.66

Table 10. Comparison of impact dispersion under different ignition algorithms (launch angle 51◦).

Pulse-Ignition
Strategy

Range
Dispersion/m

Lateral
Dispersion/m CEP/m

Uncontrolled with
Wind 93.43 51.56 124.82

Nearest
Ignition 7.02 5.13 10.30

Ignition Delay 9.27 7.19 14.12

The results demonstrate that, under both low and high launch-angle conditions,
the correction controls based on the two ignition strategies effectively reduce the lateral
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and longitudinal impact dispersion, thereby verifying the theoretical feasibility of both
control schemes. Specifically, in the low-angle (23◦) case, compared with the uncontrolled
trajectory’s Circular Error Probable (CEP) of 72.60 m, the nearest-point ignition strategy and
the ignition-delay strategy reduce the CEP to 7.20 m and 8.66 m, respectively, significantly
improving shot grouping. Under the high-angle (51◦) condition, where the uncontrolled
trajectory exhibits a CEP of 124.82 m, the two strategies reduce the dispersion to within
10.30 m and 14.12 m, respectively.

A comparison of the ground-impact dispersion data for the two algorithms reveals
that, under both launch-angle conditions, the nearest-point ignition strategy consistently
exhibits superior control performance, with its shot grouping density remaining higher
than that achieved by the ignition-delay algorithm.

As the correction mechanism, the pulse vector engine’s operational parameter
errors—caused by assembly inaccuracies and combustion-induced vibrations during
operation—directly affect the accuracy of its landing point prediction algorithm. Through
static and dynamic tests, the impulse, thrust, and operating time errors of the engine were
systematically measured. The assembly diagram of the test setup is shown in Figure 17, and
the correction mechanism of the pulse vector engine after testing is presented in Figure 18.
Based on the analysis of the static and dynamic test results, the operating errors of the pulse
thruster are summarized in Table 11. Detailed test procedures can be found in reference [17].

 

Figure 17. Assembly drawing of the test motor rotating platform and force measurement platform.

Table 11. Statistics of disturbance factors for the pulse vector engine-based correction mechanism.

Error Parameter Distribution Pattern Standard Deviation

Pulse Impulse Magnitude Error ∆Iimp Normal Distribution 0.55 N·s
Pulse Operating Time Error ∆τimp Normal Distribution 1.39 ms

Radial Eccentricity Error ∆Dimp Normal Distribution 0.1 mm

Based on the disturbance factors in Table 11, the comprehensive influence of the pulse
vector engine’s operating parameter errors, together with the additional error sources
considered in the previous Monte Carlo studies (structural parameter errors, initial dis-
turbances, and aerodynamic deviations), was further investigated through landing point
dispersion simulations at a 45◦ launch angle, using Circular Error Probable (CEP) as the
evaluation metric. All other simulation conditions and the Bi-LSTM-based guidance and
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control strategy remained consistent with the previous sections, adopting nearest-point
ignition logic. The simulation results are shown in Figures 19 and 20.

 

Figure 18. Correction mechanism of the pulse vector engine after testing.

(a) Without considering pulse operating parameter errors 

(b) With comprehensive errors 

Figure 19. Comparison of landing point dispersion under different disturbance sources (45◦

launch angle).
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(a) Miss distance values without considering pulse operating parameter errors 

 
(b) Miss distance values with comprehensive errors 

Figure 20. Comparison of miss distance values under different disturbance sources at (45◦

launch angle).

The results indicate that at a 45◦ launch angle, the unguided vehicle with wind effects
achieved a CEP of 111.33 m (range dispersion: 83.76 m, lateral dispersion: 45.60 m). When
pulse operating parameter errors were not considered, the corrected CEP decreased to
10.49 m (range dispersion: 6.34 m, lateral dispersion: 5.71 m). When comprehensive errors
were taken into account, the corrected CEP was 15.62 m (range dispersion: 10.56 m, lateral
dispersion: 7.45 m).

Figure 20 presents the miss distance (distance between actual and ideal landing
points) for each Monte Carlo simulation run. The maximum miss distance increased
from approximately 24.53 m (without pulse errors) to approximately 36.13 m (with
comprehensive errors).

6. Conclusions
Focusing on the terminal-phase control of pulse-corrected projectiles, this study ad-

dresses the limitations of traditional methods by proposing a landing-point prediction
control algorithm based on a Bi-LSTM network. The main conclusions are as follows:
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(1) A Bi-LSTM-based landing-point prediction model is proposed to overcome the short-
comings of conventional guidance laws, such as limited longitudinal correction and
miscorrection due to neglecting deviation dynamics. The model achieves mean ab-
solute prediction errors of 2.16 m in range, 3.16 m in altitude, and 0.57 m laterally,
with a mean per-axis RMSE of 1.96 m (three-dimensional error norm of 3.87 m),
outperforming BP, GRU, and standard LSTM models.

(2) Two pulse-control strategies—nearest-ignition and ignition-delay—are proposed
based on high-accuracy prediction. Both significantly reduce landing dispersion.
The nearest-ignition strategy demonstrates superior performance: under a 23◦ launch
angle, it reduces dispersion from 72.60 m to Ex = 5.31 m, Ez = 3.08 m, and CEP = 7.20 m.
Under a 51◦ launch angle, it reduces CEP from 124.82 m to Ex = 7.02 m, Ez = 5.13 m,
and CEP = 10.30 m, demonstrating strong adaptability and control accuracy. It is
noted that when control is initiated earlier, at a slant range of 3.5 km, the ignition-
delay strategy attains a slightly smaller single-shot correction error (1.90 m versus
3.22 m) while requiring more pulse operations (15 versus 13); the superiority of the
nearest-ignition strategy therefore refers to the Monte Carlo dispersion statistics and
its control efficiency.

(3) From an engineering-application point of view, the proposed framework replaces
repeated on-board trajectory integration with a single network forward pass, enabling
millisecond-level guidance decisions on low-power embedded processors and direct
adaptation of the ignition-decision logic to different impulse configurations. Future
work will focus on flight-test data augmentation and hardware-in-the-loop validation.

(4) Monte Carlo simulations incorporating pulse correction mechanism errors, structural
parameter errors, initial disturbances, and aerodynamic deviations were conducted.
At a 45◦ launch angle, the unguided vehicle (with wind effects) yielded a CEP of
111.33 m (range dispersion: 83.76 m, lateral dispersion: 45.60 m). Without pulse
operating errors, the corrected CEP was 10.49 m (range: 6.34 m, lateral: 5.71 m),
representing a 90.58% reduction. With comprehensive errors included, the corrected
CEP increased to 15.62 m (range: 10.56 m, lateral: 7.45 m), a reduction of 85.97%.
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