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Section S1  Entry problem formulation 

S1.1  Entry dynamics 

The aerodynamic lift and drag forces L  and D are expressed as follows:  
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where   is the atmospheric density; 
refS  is the reference area of the vehicle; and 

LC , 
DC  are the lift and drag 

coefficients, respectively. Additionally, the delay of actuator is also considered; that is,  
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where a , b  are constants and the subscript c represents the command value. 

Furthermore, in practice, the aerodynamic parameters of the vehicle and the atmospheric density are not 

precisely equal to the nominal values. Instead, deviations arise from the nominal values, so the precise values of 

the deviations cannot usually be determined in advance. Hence, we modeled the aerodynamic parameters and 

atmospheric density as follows:  
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where superscript ∗ indicates the corresponding nominal value.   and  ,iC i L D   are the percentage de-

viations of the atmospheric density and aerodynamic parameters from the nominal value, respectively. Here, we 

assume that the deviations of these parameters are uniformly distributed. 
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Section S2  Time control entry guidance algorithm 

S2.1  Tracking the reference profile via DRL 

S2.1.1  Observation space  

The observation vector is defined as follows: 

 

  , , , , , , , ,
T

t err err u l acs v h n     o V  (S4) 

 

where N N

err refV V V  is the reference-velocity: tracking error, which can be calculated as follows: 
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And s  represents the range-to-go, v  denotes the velocity of the HGV, *

err fhh h   is the error relative to 

the desired terminal altitude. 
u ,

l  represent the differences between the heading angle   and the upper 

and lower boundary values of heading angle 
u , 

l , respectively (As shown in Fig. S1). Their expressions are 

as follows: 
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The primary purpose of introducing u , l  is to indicate to the agent when to perform a bank angle 

reversal. Specifically, these parameters provide a quantitative measure for how close the heading error is to the 

lower or upper bounds of the permissible error corridor. When u , l  approaches zero, it signals that the 

heading error has reached an edge of the corridor, thereby triggering the agent to consider reversing its bank 

angle to correct the heading error. 

 

 
Fig. S1: The schematic diagram of u  and l  

 

Furthermore, acn  represents the actual aerodynamic overload, which can be directly obtained from the 

apparent acceleration output of the inertial measurement unit (IMU). That is 
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where 
appra  is the apparent acceleration output from the IMU. 

 

S2.1.2  Reward function design 

To ensure that HGVs accurately tracks the reference flight profile and consistently meets path constraints, 

the reward function is formulated as follows:  
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Here, 
shapingr  represents the shaping reward, which primarily serves to incentivize the agent to track a de-

signed reference flight profile. It can be calculated as follows: 
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where 
shaping  is the shaping reward weights, and 0.1v v  is the shaping-reward scaling factor. 

altr  represents the altitude error reward signal, which is designed to incentivize the agent to control the 

HGV to meet the terminal altitude constraints. Its expression is given as follows: 
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where alt  is the altitude reward weights, and  0.1sinalt   is the altitude reward scaling factor.  

ctrlr  denotes the penalty for the control effort, designed to limit the magnitude of actions to avoid violations 

of the restrictions. It can be calculated as follows: 
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where ctrl  is a positive constant. 

procr represents the path constraint penalty signal, aimed at penalizing states that might violate constraints to 

incentivize the agent to avoid such violations as much as possible. Its expression is as follows: 
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where 
proc is a positive constant. 

revr  denotes the penalty for bank angle reversal, applying a negative reward signal for each instance of bank 

angle reversal to discourage the agent from frequently reversing the bank angle of the HGV. It can be calculated 

as follows: 
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where rev  is a positive constant. and tB  is the number of the reverses of the bank angle up to the t-th time step. 

bonusr  represents the terminal bonus reward, which incentivizes the agent to control the HGV to reach the 

terminal state with a specified precision. Its expression is as follows: 
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where   is a positive constant. 

 

S2.2  Terminal time control guidance method 

S2.2.1  Feasible terminal range 

It is evident that a wider heading error corridor leads to a larger heading error. Then, according to Eq.(10), 

a larger 0  corresponds to a wider heading error corridor. Therefore, for a given initial state 0z , the minimum 

and maximum flight times can be estimated by setting 0  to its minimum value min

0 and maximum value 

max

0 , respectively. That is, 
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Moreover, considering environmental uncertainties such as aerodynamic parameter errors, it is a challenge 

to ensure the terminal accuracy when set- ting the terminal time *

ft  close to min

ft or max

ft . Therefore, a safety 

factor tk  is introduced to narrow the time range, that is, 
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where 0tk   is a positive constant. 

 

 

Section S3  Experiments and results 

S3.1  DRL training results and test results 

To ensure the guidance policy exhibits good generalization ability, we trained it on a range of initial con-

ditions, which were randomly generated at the start of each episode. The full set of initial conditions and ter-

minal states are given in Table S1. 

Notably, the target longitude 
*
f  was automatically generated as the follows: 
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Table S1: Initial and terminal state dispersion in the offline training 

Parameter Value Parameter Value 

Init range s0 (km) [9500, 10500] Init altitude h0 (km) [79.8, 80.2] 

Init longitude λ0 (deg) [0, 20] Init latitude ϕ0 (deg) [10, 20] 

Init velocity v0 (m/s) [6750, 6850] Init flight path angle γ0 (deg) [−0.5, 0] 

Init heading error ψerr0 (deg) [−0.1,0.1] Heading offset parameter δψ0 (deg) [5.0, 45.0] 

Terminal latitude ϕ∗
f (deg) [20, 30] Terminal range-to-go s∗f (km)  95 

Terminal altitude h∗
f (km)  28 Terminal velocity vf

∗ (m/s)  2000 

Range error tolerance δsf (km)  0.5 Altitude error tolerance δhf (km)  0.3 

Velocity error tolerance δvf (m/s)  50 Heading error tolerance δψf (deg)  5 

 

Moreover, a four-layer neural network structure was used to implement the policy and value network 

(Henderson et al., 2018), wherein the first hid- den layer was a recurrent layer implemented using GRUs. The 

network architectures is shown in Table S2, and the specific parameters of PPO algorithm are listed in Table 

4.The coefficients for these terms, listed in Table S3, were determined through an iterative and empirical tuning 

process. Our approach involved first establishing a baseline tracking policy using only the shaping and bonus 

rewards. Subsequently, the penalty weights were introduced and fine-tuned to improve the smoothness and 

efficiency of the flight trajectory without compromising the primary objectives. This systematic approach en-

sures a balanced reward signal that leads to a robust and effective guidance policy. 

 

Table S2: Policy and value network structures 

Policy network Value network 

Layer Size Activation Size Activation 

Input (11,110) tanh (11,110) tanh 

GRU (110,46) tanh (110,46) tanh 

Hidden (46,20) tanh (46,5) tanh 

Output (20,2) linear (5,1) linear 

 

Table S3: Details parameters of the PPO algorithm 

Parameter Value Parameter Value 

Maximum epochs 3000 Collected episodes per epoch 60 

Discounting factor 0.99 Value network learning rate αω 2.0×10−3 
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Policy network learning rate αθ 1.5×10−4 Clipped factor ϵ 0.1 

Shaping reward coefficient βshaping 0.25 Altitude reward weight βalt 0.05 

Control reward weights βctrl 0.02 Path constraints reward weights βpath 0.05 

Bank angle reversing reward weights βrev 0.1 Bonus reward ξ 10.0 

 

The training results are shown in Fig. S2-Fig. S4. In Fig. S2, the reward curve is plotted on the left y-axis, 

while the terminal velocity error curve is depicted on the right y-axis. Fig. S3 illustrates the terminal range and 

altitude error curves on the left and right y-axes, respectively. As illustrated in Fig. S3 ,and Fig. S4, after col-

lecting 60,000 episodes of data, the terminal velocity, altitude, and range errors have converged, and the reward 

curve has stabilized. This confirms the effectiveness of the method proposed in Sect. 3.2.  

Moreover, Fig. S4 illustrates the variation curve of episode length during the training process. It is evident 

that the episode length rises quickly in the initial training stage and subsequently stabilizes with convergence. 

This shows that the agent initially acquires the ability to meet various path constraints to prevent episode ter-

mination in the early training period, and then gradually learns to minimize the terminal error in the later 

training period. This confirms the effectiveness of the episode early termination strategy employed in the 

training phase of this study. 

It is worth noting that during the training process, once the path constraints are violated, the current episode 

is immediately terminated, which also leads to a significant increase in terminal error. However, as can be ob-

served from Fig. S2 and Fig. S3, with the continuous progress of training, the terminal error gradually converges 

to near zero. This further demonstrates that the agent has not only learned how to track the designed reference 

flight profile, but also acquired the ability to satisfy the path constraints. 

 

 
Fig. S2: Reward and velocity error curves 
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Fig. S3: Altitude and range-to-go error curves 

 
Fig. S4: Episode length curves 

 

S3.2  Results for remaining flight time prediction 

To generate the training data for the residual prediction network proposed in Sect. 3.3.1, we utilized the 

trained agent based on the results from Sect. 4.1 and collected 4000 flight trajectories under the initial condi-

tions shown in Table S1, resulting in a total of 1688461 data samples. Additionally,  Fig. S5. illustrates the 

statistical distribution histogram of the terminal times for the 4000 collected trajectories. The entire data set was 

divided into a training set and a validation set in a 9:1 ratio. The reason for not partitioning a separate test set is 

that new trajectories can be generated as test data by resetting the initial conditions and utilizing the well-trained 

agent from Sect 4.1. 

The residual prediction network adopts a fourlayer network structure with the ReLU activation function, 

where the second layer is an LSTM layer. Among them, the input layer contains 128  neurons, the LSTM layer 

contains 64 neurons, the hidden layer contains 32 neurons, and the output layer directly outputs the estimated 

residual of time-to-go. The loss function used is the Mean Squared Error (MSE) loss. The parameters of the 

training process are as follows: learning rate lr = 0.001, batch size B = 4096, and the network was trained for 100 

epochs. The curves of the loss function during the training process is shown in Fig. S6. As can be seen from Fig. 

S6, the loss functions for both the training set and the validation set converged rapidly during the training pro-

cess, achieving the desired performance. 
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Fig. S5: The histogram of the terminal times for the collected 4000 trajectories. 

 

Fig. S6: The loss curves during the training process. 
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