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Abstract: Unmanned aerial vehicles (UAVs) may play an impor-
tant role in data collection and offloading in vast areas deploying
wireless sensor networks, and the UAV’s action strategy has a
vital influence on achieving applicability and computational com-
plexity. Dynamic programming (DP) has a good application in the
path planning of UAV, but there are problems in the applicability
of special terrain environment and the complexity of the algorithm.
Based on the analysis of DP, this paper proposes a hierarchical
directional DP (DDP) algorithm based on direction determination
and hierarchical model. We compare our methods with Q-learning
and DP algorithm by experiments, and the results show that our
method can improve the terrain applicability, meanwhile greatly
reduce the computational complexity.
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1. Introduction

The use of UAVs has become more widespread. In parti-
cular, advances in sensors and communications equipment
have led to the development and large-scale use of UAVs
in recent years [1], especially in the areas of polar climate
monitoring [2], providing communication security in the
disaster area [3] and the management of forest fire hazards
in mountainous areas [4]. However, the energy modules
that UAV can carry are limited to volume [5]. They tend to
detect selective parts of the region because of the battery
life, which is even more obvious when the target range is
larger. In the process of reconnaissance, the relationship
between energy, efficiency and communication quality be
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comes an important issue.
The current UAV communication field mainly focuses

on the signal transmission scheme, the energy optimization
and relay deployment strategy [6 – 9]. Attention has also
been paid to the impact of action strategy optimization of
the UAV/UGV in a large area with sparsely distributed sen-
sor networks at points of interest (POIs) [10,11]. However,
the related works consider the case that the terrain poses
no constraints on the traveling path, which is not realistic.

The problem to be solved in this paper is explained as
follows: We consider such a scene in which the target de-
tection area is a vast area with a sparse distribution of POIs
and unreachable locations. Only in the designated area the
UAVs can establish reliable communication with the data
aggregation centre. The UAV needs to detect as many POIs
as possible with limited energy, which results in the limited
moving capability of UAVs. The problem is converted to a
UAV starting from the designated point of the target area.
By the strategy search, the communication link with the
data aggregation centre is established and the data offload-
ing is completed.

The problem is inherently a multi-step optimization
problem and the dynamic programming (DP) algorithm
can be used to solve the problem. However, as analysed
in the rest of the paper, the DP algorithm may not directly
handle the black points (unreachable locations) and also
incurs high computational complexity. Therefore, we pro-
pose an optimized algorithm based on direction determi-
nation called directional dynamic programming (DDP) al-
gorithm and hierarchical modeling, which is suitable for
general terrain conditions and improves the applicability
of the algorithm. The computational efficiency of the algo-
rithm in a sparse-distributed environment is improved, and
the time complexity on similar problems can be effectively
reduced. Q-learning is a very important algorithm in rein-
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forcement learning, which is widely applied in UAV path
planning [12,13]. It has obvious advantages in terms of al-
gorithm applicability and efficiency. We use the Q-learning
algorithm as a benchmark to compare the performance of
the DDP algorithm.

The rest of the paper is organized as follows: In
Section 2, we first propose the problem formulation, then
introduce the hierarchical DDP algorithm in detail. In Sec-
tion 3, the commonly used Q-learning algorithm and the
original DP algorithm are compared by numerical experi-
ments, which proves that the hierarchical DDP algorithm
has a great advantage in reducing computational complex-
ity and a superiority in applications of complex terrain. Fi-
nally, our future work is explained in Section 4.

2. Modeling and algorithm design

2.1 Subsection gridding of the map

Referring to the existing modeling approach, we consider
the whole area is gridded and the specific reconnaissance
gain is the quantitative value in each grid. This quantifica-
tion is modeled on the underlying wireless sensor network
(WSN) topology and the amount of perceived information.
In this paper, we consider the general situation where the
gains are not evenly distributed in the region. Then we con-
sider that the UAV accesses the grid of multiple WSNs and
collects data. It eventually reaches the destination, estab-
lishes a communication link, and offloads the perceived
data.

2.2 Ideas and problems of traditional
DP algorithm

In traditional DP, the algorithm meshes the task area, and
each grid (i.e., the location of the UAV) is a state in the
algorithm state space. In order to explicitly specify the dif-
ference, the state space generated by this modeling method
is called the location grid state. Through the iteration of
each state, the optimal path is obtained by ascending the
iterative results. There are the following problems in this
algorithm:

(i) Repeated access: The algorithm cannot realize re-
peated access to the same grid, since the final result is
arranged in an ascending order of iterations of multiple
states. In fact, the UAV may require multiple reconnais-
sance to get comprehensive information.

(ii) Black points (BPs): The algorithm is not adaptable
under special terrain conditions. We define the areas that
the UAVs cannot enter into as BP, e.g., surrounded by un-
reachable locations like cave or valley. The UAV will stay
in the grid which represents the end of the cave because
DP does not allow it to repeatedly access the previous grid,
which is the only way out.

(iii) Complexity: The computational complexity is pro-
hibited. The traditional DP algorithm will iterate the whole
reconnaissance area indistinguishably. In order to achieve
a certain precision, the algorithm will divide the whole area
into a high order gridding. The result is that the algorithm
has a disadvantage in computing complexity. In fact, we
only care about some of the key points in vast area, defined
as POI.

In the rest of this section, we first design new model-
ing methods and DDP algorithm to deal with the repeated
access and BP problems. Then we introduce hierarchical
modeling to exploit sparsity in reducing computing com-
plexity.

2.3 Design and modeling of DDP algorithm

In traditional DP, a grid is regarded as a possible state, and
the motion is modeled as the transfer between states. In
comparison, in DDP we model the transfer from an edge
to an edge as a motion state and 16 motion states may exist
for a single grid, as shown in Fig. 1.

Fig. 1 Illustration of 16 motion states in a single grid

On this basis, all logic partitioning methods of the mo-
tion state are as follows in Fig. 2. It corresponds to the next
possible motion state of the UAVs at the vertical and the
horizontal edges.

Fig. 2 Motion states of horizontal and vertical edges

For a 4 × 4 grid, there are 40 edges and 320 motion
states, where logical links constitute the entire state space.
In this problem, we assume that a UAV is moving in logi-
cal space. Each moving step takes a time step i. The state
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space s is expressed as

{(x1, y1, m, n), (x2, y2, m, n), (x3, y3, m, n), . . .}
where x and y represent the coordinates of the edges,
while m ∈ {1, 2, 3, 4, 5, 6, 7, 8} represents the eight mo-
tion states on the edge. n ∈ {1, 2} represents the hori-
zontal or vertical edges respectively. The action space is
u ∈ {1, 2, 3, 4, 5, 6, 7, 8}, which represents the next eight
motion states that the next step of each edge can take.

The gain function is denoted by g(s), and its value cor-
responds to 320 motion states and function. f(s, u) de-
notes the state transition function, which is the new motion
state that the UAV can arrive after taking action u in the
state of s.

The value function is defined as J(s) which can be de-
fined as the future gains got by taking a set of policy π
starting from a determined single state. The initial value
of J(s) is defined as 0. That is J0(s) = 0, for all s. T is
defined as

Jk+1(s) = TJk(s) = max
u

[γJk(f(s, u)) + g(s)] (1)

where γ is called discount factor to balance the present and
future gains (γ < 1). The final results are the final max-
imum value of J∗(s) after multiple iterations. From the
final value of J∗(s) for each state si, we can get the se-
quence of the policy π. The ascending order is the final
result. Taking the upper limit of the iteration as β, the iter-
ation termination condition is

max(Jk+1(s) − Jk(s)) � β, for all s. (2)

The action ui of each time step i is defined by

ui = π∗(si) = argmax
u

[γJ∗(g(si) + f(si, u))]. (3)

It is possible to arrive at a more realistic result. These
states contain repetitive access to a single state in the origi-
nal DP state space, as shown in state 1 of Fig. 1. It dis-
tinguishes the direction of the two states when switching,
such as states 2 and 3.

The modeling change means that the state space changes
from the movement between grids of DP to the move-
ment between edges in the proposed DDP. However, all
the states of the J value are only taken once in the process
of generating the policy. This operation is to form a cycle
when the motion state 1 or state 5 is adopted, which allows
repeatedly traversing a grid. More importantly, the above
modeling allows the UAV to get out of a grid surrounded
by BPs.

2.4 Computational complexity optimization for
sparse environments

In realistic problems, the target distribution in the recon-
naissance area is often sparse. The locations of the POIs

are sparse and partially concentrated, and the distribution
is uneven, which is defined as “sparse environment” for
convenience. We consider the use of multi-layer struc-
ture of the hierarchical method to solve the problem with
large-scale computational complexity. The DDP algorithm
serves as the top-level algorithm, which is defined as “map
layer algorithm”. The exhaustion method is used at the un-
derlying algorithm, which is defined as “area layer algo-
rithm” to provide the required data to the upper layer. The
underlying algorithm relies on the detailed WSN topology
in a grid to quantify the value of the POIs. The overall al-
gorithm structure diagram is shown as follows in Fig. 3.

Fig. 3 Overall algorithm structure diagram

In the top-level DDP algorithm, the g(s) function values
of the 16 motion states for each grid are provided by the un-
derlying algorithm. The modeling method is to further di-
vide the individual grid of the DDP into K cells (K = 16
in our experiment) where each cell is given a gain value.
We can pre-specify four imports and exports in a single
grid. By specifying a fixed number of step i, the algorithm
will exhaust all the paths that match the import and export
settings and add the gain values for all paths.

For each combination of the imports and exports, the
gain on all the points on the path is calculated only once,
and the maximum total gain is chosen as the gain of this
movement at the top-level. The advantage of this approach
is that the hierarchical method only needs to focus on POIs
in a wide range of sparse environments, which is sparsely
distributed. In this paper, we use the exhaustion method
as the underlying algorithm to present our initial findings.
However, the complexity of the exhaustion method may be
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replaced by more advanced modules having better compu-
tational efficiency in various scenarios.

3. Experiment and verification

In this section, we conduct three groups of experiments.
In Section 3.1, we test the performance of the hierarchi-
cal DDP algorithm in general. Under the same conditions,
we compare the results with the results of Q-learning and
DP algorithms. We can conclude that hierarchical DDP can
carry out multi-path reconnaissance in key areas to obtain
higher gains. In Section 3.2, we expand the algorithm scale
and compare the calculation time of DP and hierarchical
DDP algorithms. The hierarchical DDP algorithm greatly
improves the computational complexity, especially when
the problem scale is further expanded. In Section 3.3, we
test the performance of three algorithms when BPs are dis-
tributed to valley terrain. As a result, the DP algorithm can-
not handle this problem, and the UAV stops at the end of
the valley. The Q-learning algorithm fails to go deep into
the valley end. Hierarchical DDP can solve this problem,
which makes the algorithm more practical.

3.1 Analysis of results with hierarchical
DDP algorithm

We use the pre-set data set to test the hierarchical DDP al-
gorithm. Consider the DP algorithm (4 × 4 scale) in upper
layer and the lower layer algorithm (4 × 4 scale) respec-
tively.

The experimental conditions are set as follows: the dis-
count factor γ = 0.9, the iterative threshold is 0.5, and the
number of steps in the underlying algorithm is limited to
seven steps, and two POIs are set, called POI 1 and POI 2.
The parameters in Q-learning algorithm are as follows: the
maximum number of iterations is 1 000, while the greedi-
ness is 0.9, the discount factor γ = 0.9 and the learning
rate is 0.5.

The optimized paths of each algorithm are given by
Fig. 4. Fig. 4(a) is a holistic path diagram, which reflects
the transfer between grids. However, the UAV may detect
a grid in a variety of ways, where Fig. 4(b) is a specific
step within grids for Fig. 4(a). The UAV will search for
multiple paths in POI 1 and its surrounding grids do not
adopt repeated motions. In the rest of this paper, only the
holistic path diagram of DDP algorithm is provided in the
following results for the sake of simplicity. For the DDP
algorithm, the optimal path is often more than one, so only
one of them is given in order to simplify the process. Even
if the specific path is different, the algorithm gives the same
gain for all the optimized paths. Since DP adopts the new
algorithm modeling design, the state space changes from
point to motion. Therefore, in the presentation of experi-
mental results, the DDP algorithm is very different from

the DP and Q-learning algorithms. DDP uses map layer-
ing design, so when the result of the path is presented, it
mainly displays the path in the upper grid. The other two
algorithms are presented directly on the underlying grid, so
the result graph is different. In fact, the experimental con-
ditions are exactly the same. The result of the DP algorithm
is shown in Fig. 4(c).
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Fig. 4 Simulated results with hierarchical DDP algorithm, DP algo-
rithm and Q-learning algorithm

The path in the DP algorithm directly passes through
the POI 1, and fails to get more gains. At the same time,
the path in the DP algorithm also gives up the access to
POI 2. The result of the Q-learning algorithm is shown in
Fig. 4(d). The path in the algorithm also fails to get more
gains at the POI locations.

From the experimental results, we can see that the DDP
algorithm performs better on general problems compared
with the other two algorithms. The DDP algorithm can take
different paths in the POI locations for repeated paths, im-
prove the reconnaissance gains, and will not give up the
detection of other POIs.

3.2 Comparison of complexity

On the basis of the previous section, we add two BPs and
increase the total number of the grids. We compare the DP
algorithm and analyse the results. The DP algorithm needs
to deal with all the expansion of the data set which means
the states 16×16, a total of 256 states. The BPs in the hier-
archical DDP algorithm are represented by 16 consecutive
BPs points in DP.

In order to further verify the conclusion, we continue to
expand the dimension of the algorithm, and the underlying
algorithm keeps the grid segmentation of 4 × 4. We test
the performance of hierarchical DDP in the scale of 5 × 5,
7 × 7, 9 × 9, 11 × 11 and corresponding DP in 20 × 20,
28 × 28, 36 × 36, 44 × 44 respectively. The computation
time of the algorithm is shown in Fig. 5.

As can be seen from the results, the computation time
of the hierarchical DDP algorithm is much shorter than the
DP algorithm and the scalability of hierarchical DDP is
much better than DP. This proves that hierarchical DDP is
superior in computational complexity in sparse distributed
environments. In this section, no experimental results are
compared with the Q-learning algorithm. There are three

main reasons. First, because of the greedy decision, the Q-
learning algorithm is not monotonically decreasing, and it
may not have convergence, so we may not strictly com-
pare the computation time. Second, the computation time
of Q-learning algorithm depends largely on the number of
iterations. The choice of the number of iterations depends
on the need for the answer rather than the algorithm itself.
Third, Q-learning does not apply to large-scale algorithms.
When the dimensions of the problem are relatively high,
the computation efficiency of the Q-learning algorithm is
relatively low at the beginning of the exploratory stage.

Fig. 5 Computation time of DP and hierarchical DDP

3.3 Comparison of algorithm applicability

Now consider the applicability of the algorithm under spe-
cial terrain conditions where we form a terrain like a val-
ley. The experimental set up is consistent with Section 3.1.
DP algorithm results are shown in Fig. 6(a). The path map
generated by the DP algorithm is shown in Fig. 6 (b). The
path graph generated by the Q-learning algorithm is shown
in Fig. 6 (c). The hierarchical DDP algorithm results are
shown in Fig. 6(d).

When the DP algorithm is applied, the UAV will be
locked in the POI 1 position (in the valley) and cannot be
withdrawn due to the ascending order of J , when entering
the valley to detect POI 1.
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Fig. 6 Comparison of results with DP algorithm, hierarchical DDP
algorithm and Q-learning algorithm under valley terrain

The path in the Q-learning algorithm cannot go into the
valley to detect it. It will fly over the entrance of the val-
ley rather than into the valley. The hierarchical DDP al-
gorithm, allowing repeated access of a grid, is capable of
supporting planning in such terrains. Compared with Q-
learning, DDP can achieve better reconnaissance effect.

Therefore, it may be noted that the proposed hierarchical
DDP algorithm has better applicability under various ter-
rain conditions.

4. Conclusions

This paper considers the problem of UAV planning in vast
areas with a sparse distribution of POIs and unreachable lo-
cations. Conventional DP based on location grid states is a
natural choice. Since it does not deal with the repeated ac-
cess and BP problems, and its complexity is high and not
scalable, the DP algorithm is not applicable to the prob-
lems that we want to solve in this paper. Hence we propose
the DDP algorithm and the hierarchical method to solve
the problem. In the experiment, we compare the DDP algo-
rithm with the traditional DP algorithm and the Q-learning
algorithm, which is widely used in reinforcement learn-
ing. From the experimental results, the hierarchical DDP
algorithm improves the applicable field of the algorithm
by solving the problems of repeated access and BP in the
DP algorithm, while also greatly improves the computa-
tional efficiency. Compared with the Q-learning algorithm,
the DDP algorithm also improves the state space and the
movement space, and improves the reconnaissance gain of
the algorithm around the target. Furthermore, the algorithm
we propose has a certain application value and prospect in
the path planning of such platforms as robots, UGVs and
AUVs.
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