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Reinforcement learning (RL) suffers from limitations in real practices primarily due to the
number of required interactions with virtual environments. It results in a challenging
problem because we are implausible to obtain a local optimal strategy with only a few
attempts for many learning methods. Hereby, we design an improved RL method
based on model predictive control that models the environment through a data-driven
approach. Based on the learned environment model, it performs multistep prediction
to estimate the value function and optimize the policy. The method demonstrates
higher learning efficiency, faster convergent speed of strategies tending to the local
optimal value, and less sample capacity space required by experience replay buffers.
Experimental results, both in classic databases and in a dynamic obstacle-avoidance
scenario for an unmanned aerial vehicle, validate the proposed approaches.

he increasing applications of reinforcement
I learning (RL) in fields such as game playing,
natural language processing’ and robotics®
have gained much attention due to its advancements
in artificial intelligence. However, the low sample utili-
zation of RL is challenging in applications because
agents have limited interactions with the environment.
It means that n-step temporal difference (n-TD),* as a
typical representation of model-free RL aiming to enhance
the learning efficiency with mass environmental inter-
actions, is not adaptive to improve sample utilization.
To overcome this difficulty, model-based RL (MBRL)
generates virtual data® and combines with model pre-
dictive control (MPC) to achieve decision making with
fewer attempts and computations.” The improved RL
methods based on MPC apply multistep prediction
for the interactions with virtual environments, which
generates additional data to improve RL efficiency.
Model-based policy optimization uses the probabilistic
ensemble approach to approximate the environment
model.2 It implements stepwise inference of the envi-
ronment model based on MPC and adopts the model
data obtained from the inference for policy training. Fur-
thermore, masked model-based actor—critic implements
a masking mechanism based on the model's uncertainty
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to determine the availability of its prediction.® This
approach takes complete account of the complexity of
the model but reduces computational speed due to
the large number of neural networks.

In addition to generating more samples, MPC-
based RL can better utilize virtual environments by
improving single-step value estimation of RL."° It lever-
ages the iterative data generated from virtual environ-
ments to construct an intensified value, which suffers
deeply from inaccurate models."" Therefore, TD-MPC
employs a neural network that simultaneously approxi-
mates the Q-function and the environment model."
A novel MBRL approach adopts filtered probabilistic
MPC to model the unobservable disturbances of the
environment.”® Most of the existing ways to improve
the estimation of the value function are based on
short-term rewards but do not well balance the impact
of long-term rewards.

In this article, we present a novel MPC-based RL
method that focuses on both improving the value esti-
mation and modeling the environment to enhance the
learning efficiency and sample utilization of intelligent
agents. Our method performs multistep prediction to
estimate value function and optimize the policy. It uses
a deterministic model-based approach to approximate
the environment and applies a rolling optimization
approach'® to maximize the cumulative return for each
prediction interval. In applications, we conduct experi-
mental comparisons with baselines in classic simula-
tion environments and a practical RL problem of
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unmanned aerial vehicle (UAV) dynamic obstacle
avoidance. By comparison, our method leads the strat-
egy to quickly converge to the local optimal value
based on fewer interaction data. We verify that the
state transition and reward function models we trained
approximate the environment model well, especially in
the case of low-dimensional state and action spaces.
Furthermore, a poorly fitted environment model may
cause the policy to converge to a suboptimal rather
than a global optimal value more quickly in the high-
dimensional problem.

We organize the rest of the article as follows. The
“Main Results” section presents our proposed method.
The “Experimental Results” section describes the
experiments of our method. Finally, in the “Conclusion”
section, we present our conclusions.

Presentation of Basic Algorithms

Let R denote the set of real numbers. E denotes the
mathematical expectation. RL can be modeled by a
Markov decision process (MDP). It is represented by a
five-tuple (S, A, P, R,y), where S CR"™ is the environ-
ment state space and A CR™ is the action space. m;
and m, denote the state and action space dimensions,
respectively. P:Sx A—R™ denotes the state-
transition function, R: S x A — R denotes the reward
function, and y denotes the discount factor. The pur-
pose of RL is to optimize the policy = : S — A such that
the cumulative reward Er.[>,°, y'ri,re ~ R(s;, a;) is
maximized. I = (s, ao, s1,a1,...) is the trajectory of the
agent interacting with the environment under the pol-
icy, where a; ~ n(s;) and s;41 ~ P(s,a;) denote the
selected action and reaching state at each decision
step ¢, respectively.

In the temporal difference method,® value-based
RL approximates the cumulative rewards > ;°, y'r, by
R(s,a) +ymaxQ*(s',d’). It estimates the optimal state-
action value function Q* : S x A — R through a Q table
or a parameterized neural network Q,(s,a)=
Q*(s,a) =E[R(s,a) + ymax Q*(s',d')],Vs € S, where ¢,
a’ are the state and action at the following step,
respectively. w is the weighting factor of the neural net-
work. For y~ 1, Q* estimates the discounted returns
of the local optimal strategy over an infinite range. For
value-based RL, the value estimation of Q(s,a) can be
described as the following form:

Q(s,a) = Q(s,a) +olr+79Q(s',a’) = Q(s,a)] (1)

where o is the learning rate of policy training. For
value-based deep RL, Q* can be approximated by

an iteratively fitting Q., and the loss function is
described as

L,= E(s,a)N‘BHQw(Sv a) - y”2 (2)

where y= R(s,a)+ymaxQ,-(s',d’) is the Q-target.
Subscript w~ is a slow-moving online average. o™ is
updated with the w,; — (1 —{)wj, + {w; rule at each
iteration using a constant factor { € [0,1). B is a replay
buffer that iteratively grows as data are updated.

In the actor-critic algorithm, = is usually a policy
parameterized by a neural network m. It learns the
np(s) ~ argmax, E[Q,(s,a)],Vs € S approximation, which
is the local optimal policy. The loss function is

L= _E(s,a%% [Qw(s,a)] (3)

In control theory, we formulate the state-space
equation as follows:

$=As+ Ba (4)

where s and a are the state and action vectors, respec-
tively. MPC obtains a local solution to the trajectory
optimization problem at each step ¢ by estimating the
local optimal action a;;,x on a finite horizon N and
executing the first action

rt+N—1
mPC(s,) = argmin E| Y (SiTG sitaB aiﬂ ®

QA+ N L =t
rt+N—1
_ ; T T
st) =argmin E 5;Gsi+a; Ea;

At:t+N I —

+s5P sy (6)

le\[PC (

where G, E, and P are the error weighting, control
weighting, and terminal error weighting matrix, respec-
tively. Equation (5) is the basic MPC and (6) is the basic
MPC with added terminal cost."

The Improved MPC-Based
RL Algorithm
To enhance learning efficiency and reduce the number
of interaction data required, we propose an online
training method that focuses on improving the value
estimation and modeling of the environment. Our
method performs multistep prediction to estimate the
value function and optimize the policy. It learns local
optimal strategies by modeling the environment's state
transition and reward functions using a data-driven
approach. Moreover, it employs a rolling optimization
approach to maximize the cumulative return for each
prediction interval.

MPC-based RL replaces process and terminal
cost with rewards and terminal value functions. By
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transforming the problem from least cost to most ben-
efitin (5) and (6), it obtains the following forms:

t+N—1
m PO (5;) = arg max E[ > ~/“R<sk,ak)] )
Qg4+ N k=t
t+N—1
iy PCRL (5,) = arg max E{ > y"R(si, ar)
Qat:t+N k=t
+ V”NIH&X Qo (814, at-%—N):| . (8)

As shown in Figure 1, the main difference between
n-TD and our method is that, in (7) and (8), the states
and rewards at moments ¢t+1 to ¢+ N are obtained
from real-experience trajectory. In contrast, the states
and rewards of MPC-based RL are obtained from tra-
jectory branching for N-step prediction based on the
environment model. MPC-based RL not only improves
the TD target but also employs a multistep approxima-
tion approach to estimate value function.

The goal of strategy in MPC is to predict a
sequence in N steps of actions such that the short-
term cumulative rewards are maximized in such
interval. The goal of policy in RL is to maximize the
long-term cumulative rewards for all future moments
Erx[> 50, v¥ril, 7 ~ R(sk, a). We replace the reward
R(sy,ay) with the cumulative rewards "7, y'r; in (7)
that maximizes both short- and long-term rewards, and
the strategy can be described in the following form:

o0

t+N
enMPCRL(5)) = argmax E {Zy" (Z/%)} )
Gtt+N k=t i=k

In (9), we perform predictive control based on a single
moment ¢ to produce a local optimal solution in the
present moment. The rolling optimization is then per-
formed to generate multiple local optimal solutions
and calculate the optimal value. The use of cumulative
rewards compensates for the lack of the terminal
reward. We can improve sample utilization and training
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efficiency by accumulating the cumulative rewards in
the next IV steps.

The interaction results in the next NV moments are
required in (9), but the sample data stored in the expe-
rience replay buffer 8 have only the interaction tuple
for a single moment ¢. The models are unknown for
most of the interaction environments, and these sam-
ple data cannot be inferred from a priori knowledge.
Therefore, we need to build neural networks with
states transition function P and reward function R
to predict the interaction outcome of the next N
moments from the input states and actions. P and R
can be modeled as separate neural networks (P, R;)
or combined into one network (PRy). The subscripts
0,7, and  are the weighting factors of neural net-
works. We use a deterministic model-based approach
instead of the probabilistic ensemble.’ It reduces the
number of neural networks and improves the computa-
tional speed of the algorithm, albeit at the cost of par-
tially ignoring model uncertainty.

In our framework shown in Figure 2, the samples
drawn from the experience replay buffer are used to
update the environment model and the policy. Mean-
while, the environment model has a facilitating effect
on the update of the policy model. Our approach per-
forms multistep prediction based on one sample data,
resulting in faster convergence of the strategy. Similar
to RL, we approximate the cumulative rewards
> o' by R(s,a) +ymaxQ(s',a'). Instead of letting
Q(sk,ar) be close to y;, our method performs the fol-
lowing multistep approximation approach:

Q sk, ar) = Yi
Q(8k+1,ahs1) = Yrs1

(10)

Q('§k+717 ak‘+n) — Yk+n

where 3,7 indicate that the state and reward, respec-
tively, are predicted based on the model we learned.

: n-step TD : MPC-based RL :
F====" T
! 1 Deterministic
| Model . _Dynp-q (PRs,, ap P/R(s;, ap)
| Learning s @ ®s,., : :
1 -
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1 TD target : . arge . . /"%-
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@ B @ B - Trajectory branching for N-step prediction based on environment model

FIGURE 1. Differences between n-TD and our method.
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MPC-based RL
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FIGURE 2. Framework of MPC-based RL. DNN: deep neural network.
In RL, we define the value estimation as (1), which 16: a1 — T(Sg+1);
is a single-step policy updating. Based on the idea 17: end if
that MPC performs multistep prediction in the fore- 18: Calculate L,, through (12) and (13);
cast interval, we can improve the value estimation of 19: Calculate Ly, L, through (18);
Q(s,a) by 20: Refresh networks w, 0, t; > gradient-descent
Q(Sk+n7ak+n)(ﬁQ(3k+n7ak+n)+a[7ﬁk+n+yQ(§k+n+l aak+n+1) 21 RefreSh the Strategy 7[(8);
22: end for

= Q(Sksn@hin)] (n

where n=0,1,2,....,N—1 is the current prediction
step. We improve the loss function in (2) as follows:

N-1
Lu) = E(,sha;\)N‘B ZVHHQ(/)(Sker ak+n) = Yk+n ‘ |2 . (1 2)

n=0

Algorithm 1. MPC-Based RL

Input: Environment(Env); action space(Act); discount
factor(y); learning rate(x); training episode(E);
training step(T); prediction step(N);

Output: Policy-network (n(s))

1: Initialize networks w, 0, 7, and the replay buffer %3;
2: foralle = 1— Fdo
3: Get the initial state sg;

4 forallt = 1— Tdo
5 a; — 7n(s), e-greedy; > on-policy action
6: rt, 8441 < Env; > transition in environment
7 B (s4,a4,m4, 8141); > replay buffer update
8 Randomly selected B samples
(8%, @k, Tk, Sp41) from B;
9: 8k41,7 < > prediction in model
Pg(sk, ak,), Rf(sk, ak) or PRl/,(Sk, ak);
10: if Ly, L. <€, or Ly < e, then
11 foralln = 1 — Ndo
12: Afn n(SkJrn);
13: Skyni1,Thin < > multistep prediction

P@(Sk:+1m ak+'n,)7 Rr (Sk+n7 ak'+n)
or PRW (Sk+n> ak+n)§

14: end for

15: else

23: end for

According to (8), we modify the Q-target to the fol-
lowing form:

N-1

Ykn = Z P P+ 9N "max Qo (Skv, arsn). (13)
MPC-based RL can lead the policy to converge to the
local optimal value faster. However, learning speed and
accuracy of the environment model can limit the speed
and optimality with which the policy finds the local
optimal value.*

Meanwhile, we need to update the neural networks

of the environment model in real time. The loss func-
tions of Py and R, are

Lo = Eqg, ap~sl (8101 = s
LI = E(sk}a;\)~‘8||(ﬁk - Tk)HZ- (14)
The loss function of PRy, is
Lo = Egan~slll(Grer = sic) [P+ MNP =) 7] (1)

where \ > 0 is a hyperparameter, which defines the rel-
ative weighting of states and rewards. Equations (14)
and (15) indicate the degree of deviation of the con-
structed environment model from the real environ-
ment. By minimizing the values of these functions, the
environment model can increasingly approximate the
real environment.

We show that the environment model we learned
approximates the real environment well in low-
dimensional state and action spaces in simulations.
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However, in high-dimensional environments, the loss
functions of environment models may not converge to
zero and fail to reflect the complete situation of the
real environment. This model error can accumulate
and lead to a suboptimal policy. To avoid the impact of
inaccurate environment models on the algorithm, we
enable environment models for prediction only when
their loss functions are less than the certain bounds
en. The flowchart of the MPC-based RL approach is
shown in Algorithm 1.

To account for the monotonic improvement of
model-based methods over model-free methods, we
can construct a bound of the following form:®

q[n} > },Ibranch[n} e
ph+1

€
=2 max | 5. .9
= [(1—v)2
"
(7" + 2)ex + N(em + 2€7) (16)
(1=7)

where n[r] and #""*"[z] denote the returns of the pol-
icy in the MDP and under our model, respectively. ¢,
denotes the generalization error due to sampling, and
¢, denotes the distribution shift due to the updated
policy encountering states not seen during model
training. We can guarantee that it also improves in the
MDP if the strategy enhances its return under the
model by at least C. MPC-based RL updates the envi-
ronment model at each decision step t. Therefore, the
environment model is more accurate and the strategy
difference between iterations is more significant. In
this case, the generalization error ¢,, is much smaller
than distribution shift ¢,. The optimal prediction step
N* can be expressed in the following form:

k1 - mk IN +2 -
N* = argmin { - 62+(’ FINADel o qy)
n (1*)/) (1_V)

Here, we compare our method to traditional RL
methods, including n-TD,* Dyna-g,'® deep Q-learning

TABLE 1. Setting of the algorithm parameters.
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(DQN),"” and deep deterministic policy gradient (DDPG);"®
in classic simulation environments; and a designed
UAV dynamic obstacle-avoidance environment. We
apply Algorithm 1 to obtain Dyna-MPC, DQN-MPC, and
DDPG-MPC. Our results demonstrate that our method
significantly reduces the samples required for the agent
to interact with the environment while achieving local
optimal performance.

Classic Simulation Environment

We evaluate our proposed method and compare its
performance against baselines on diverse and challeng-
ing control tasks from OpenAl Gym. Our experiments
are conducted in classic simulation environments, such
as cliff walking (CW), CartPole (CP), pendulum (PD), and
humanoid (HO).

Implementation Details

We use deterministic components implemented using
multilayer perceptrons. The settings for the algorithm
parameters are presented in Table 1. We conduct these
simulations on a server with a Windows 10 operating
system, an Intel Core i7-11700 CPU, a 16-GB memory,
and Radeon 520 GPU. All the simulation programs
are developed based on Python 3.7 and PyCharm
2022.2.3 compiler. To plot experimental curves, we
adopt solid curves to depict the mean of four trials
and shaded regions corresponding to standard devia-
tion among trials.

Dyna-MPC

We conduct experiments using n-TD and Dyna-q as
baselines to implement CW and compare them with
Dyna-MPC, as shown in Figure 3(a). For n-TD, it is
equivalent to Q-learning when N =1. As N increases,
the curves fall more sharply in the early period but rise
to convergence more rapidly. The reason is that n-TD
adopts multistep interaction with the environment,
and the deviation of the strategy will directly lead to
the cumulative deviation of the interaction data over
multiple steps. In Dyna-q, it stores P(s,a) and R(s,a) in

Env ay (x1072) | ap (x107%) 7 € (x1072) | B (x10*) | ap (x107%) | a (x1073) | oy (x1073)
Cw 10 — 0.9 1 — — — —

CP 0.2 — 0.98 1 1 2 2 2

PD 0.3 3 0.98 — 1 3 3 3

HO 0.1 1 0.99 — 100 1 1 —

UAV path 0.1 10 0.99 100 1 1 1

planning
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FIGURE 3. Comparison with MPC-based RL and baseline. (a) Episode return in CW. (b) Episode return in CP. (c) Loss function
value in CP. (d) Episode return in PD. (e) Loss function value in PD. (f) Loss function value in HO. (g) Episode return in HO.

a table similar to Q(s,a), which provides an accurate
model of the environment when the environment is
a deterministic process. Therefore, by the model-
based approach, its convergence will be faster than
Q-learning. Different from n-TD, Dyna-MPC performs
multistep prediction in the value estimation by relying
on deterministic environment models P(s,a) and
R(s,a). The method avoids the cumulative deviation of
interaction data and improves the training efficiency.
Through comparisons, Dyna-MPC leads the strategy
to quickly converge to the local optimal value based
on fewer interaction data. As the prediction step N
increases, fewer episodes are required for the strategy
to converge to the local optimal value. However, N =6
provides limited performance improvement over N = 2
and requires more computational efforts for multi-
step prediction.

DQN-MPC and DDPG-MPC

DQN is adopted as the baseline to implement CP, and
the performance is compared to DQN-MPC, as shown
in Figure 3(b) and (c). P/R or PR denotes modeling P
and R as separate neural networks or combining them
into one network. The buffer size of DQN-MPC is half
of DQN's, but it can reduce the number of sample inter-
actions required for the strategy to converge to the
local optimal value. In CP (N* =2), a better result is
achieved by modeling P and R as one neural network.
An additional prediction step N cannot further reduce
the number of sample interactions.

We use DDPG as the baseline to implement PD and
HO and compare the performance to DDPG-MPC, as
shown in Figure 3(d) and (e). In PD (N* = 2), the buffer
size of DDPG-MPC is half of DDPG's, but it can reduce
the number of sample interactions required for the
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strategy to converge to the local optimal value. Better
results are achieved by modeling P and R as one
neural network. In HO (N*=3), the buffer size of
DDPG-MPC is one-tenth of DDPG's. However, it can
significantly reduce the sample interactions required
for the strategy to converge to the suboptimal value,
which is not the global optimality. The right part of
Figure 3(g) shows the average returns from the 480th
to the 520th episode. Since the Mujoco environment
has high-dimensional state and action spaces, it is
difficult to approximate its state transition and reward
functions. The learning speed and accuracy of the
environment model limit the speed and optimality with
which the policy finds the local optimal value. Through
comparisons, DQN-MPC and DDPG-MPC lead the strat-
egy to quickly converge to the local optimal value based
on fewer interaction data and free up more sample
capacity space required for the experience replay buffer.

Model Learning of Environment

MPC-based RL method learns the state transition and
reward functions of the environment while optimizing
the policy, as shown in Figure 3. In classical control envi-
ronments with low dimension, the loss function values of
P and R converge quickly to zero, indicating that the net-
works fit the environment well. However, in HO, due to
its high dimensionality, the loss function values of the
networks cannot converge to zero. As a result, the net-
works cannot accurately represent the state transition
and reward of the real environment. The deviation of the
learned model from the actual environment accumulates
in MBRL, leading to only a suboptimal strategy.

UAV Dynamic Obstacle-Avoidance
Environment

To validate MPC-based RL in the path-planning task,
we establish the UAV dynamic obstacle-avoidance
problem as a complete MDP shown in Figure 4, and we
use the orb as a dynamic obstacle in the scene. We
simulate obstacle avoidance in real scenarios through
the simulation, including the dynamics of the UAV and
the movement of the obstacle.

Let the position and velocity vectors in 3-D be
denoted by p and v, respectively. p,,p,,p. denote the
positions of the UAV's center, obstacle center, and desti-
nation, respectively. v, and p, denote the obstacle’s veloc-
ity and radius, respectively. p,, denotes the radius of the
UAV. The state space can be set in the following form:

dOU — 0 + U
o C(p() - p'u,) ° % (18)
5= Pe — Du

Vo
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FIGURE 4. The MDP of UAV dynamic obstacle-avoidance
problem.

and d,, = ||p, — pu|| is the distance between the UAV
and the obstacle’s center, where ||-|| denotes the
Euclidean norm. The action space can be set in the fol-
lowing form:

a’:[l//u, 9u (pu]T (19)

where ,,,0,, and ¢, denote the UAV's roll, yaw, and
pitch, respectively. To lead the UAV to avoid a dynamic
obstacle and achieve the shortest path planning, we
design the reward as follows:

r=

dou 7 (po + pu)

p0+pu —Ta, if dou < po+pu
de
- f + Ty + Tey lf d(m > Po + ﬂu, & de'u < d(',om
es
deu :
——+7, otherwise
des

(20)

where d., = ||p. — pu|| denotes the distance between
the destination and UAV's center. d.s =||p. — psl
denotes the distance between the destination and the
beginning. d..., is an arrival distance and, if d., < deom,
the task is completed. r, is a constant reward and 7. is
the additional reward for completing the task. r, is a
threat reward set to keep the UAV as far away from the
obstacle as possible

Ty =
dou - (po + Py, + dthr)
Po+ Pyt dinr
0, otherwise

—7Td, if dou < Po + Pu + dthr

(21)

where r,; is a constant reward we set. d;,, is a threat
distance and, if d,, < p, + p, + dine, We consider that
the UAV is entering the area where it is about to collide
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with the obstacle. With the design of the aforemen-
tioned reward function, when the path is planned with
higher cumulative rewards, it can indicate that the
path takes less time and has a smaller probability of
collision with the obstacle. We apply (18)-(20) as the
state, action, and reward spaces in the MDP, respec-
tively. The parameters are set as follows: p, =1.5 m,
digw =04 m, r,=1, r,=3, and r; = 0.3. In addition,
the state transition of the environment P(s,a) is imple-
mented based on the disturbed flow field algorithm
and kinematic constraint functions.'® Next, we can ver-
ify the performance of MPC-based RL based on this
MDP model.

|
%
=)

i
e
=3

Episode Return

DDPG-MPC(P/R,N=2)
- DDPG-MPC(PR,N=2)

5 10 15 20 25 30
Environment steps

(a)

UAV trajectory planning path
tory

We adopt DDPG as the baseline to implement UAV
path planning and compare its performance with
DDPG-MPC (N* =2), as shown in Figure 5(a) and (b).
The buffer size of DDPG-MPC is one-tenth of DDPG's,
but it can significantly reduce the sample interaction
required for the strategy to converge to the local opti-
mal value. By modeling P and R as one neural network,
the loss function values of the network can converge
quickly to zero, leading to better results. In Figure
5(c)-(f), we compare the path-planning performance
of DDPG-MPC and DDPG under different episodes.
DDPG-MPC achieves higher cumulative rewards for
the same episode than DDPG. As higher cumulative

—— (P/R,N=2) P-network
(P/R,N=2) R-network
(PR,N=2) PR-network

Loss Function Value

5 10 15 20 25 30
Environment steps

()

UAV trajectory planning path

—— Obstacle trajectory
——UAV planning path
a

Episode
Return
-58.6

Episode
Return
-60.8
E

FIGURE 5. Comparison with DDPG in UAV path planning. (a) Episode return. (b) Loss function value. (c) DDPG 7th episode.
(d) DDPG 23rd episode. (€) DDPG-MPC 7th episode. (f) DDPG-MPC 23rd episode. (g) Indoor flight verification.
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rewards mean shorter path-spending time with less
probability of obstacle collisions, DDPG-MPC plans
better paths than does DDPG.

Indoor Flight Experiment

We conduct experiments with a real UAV to verify the
feasibility of the designed DDPG-MPC approach. In the
experiment, we adopt the method of simulation to reality.”
In an indoor environment, as shown in Figure 5(g), we
maneuver the crazyflie through the ground control
center to complete experiments with motion capture
from the optitrack. We use a plastic tube with a radius
of 0.1 m and a height of 1 m as a cylindrical obstacle,
and the UAV traverses the obstacle from one end to
the other. By performing DDPG-MPC training in the
simulation, we can get the policy network of the UAV
in the dynamic obstacle-avoidance scenario. Based on
the policy network noted earlier, the UAV can avoid the
obstacle well in the experiment and reach the target
position. The experiment’s success verifies that DDPG-
MPC can accomplish the UAV's dynamic obstacle-
avoidance task by offline training and online decision
making, and this RL method is improved based on MPC.

This article presented a novel MPC-based value esti-
mation approach, which improves the training effi-
ciency and sample utilization of the agent in RL. The
proposed method has been effective in classical simu-
lation environments and UAV path-planning environ-
ments. The method has successfully approximated the
model of the environment, which has been well
adapted to low-dimensional space. We plan to investi-
gate applying probabilistic ensemble models to learn
the environment in high-dimensional space.
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