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Abstract—Due to the complex propagation environment, it is
difficult to find the optimal antenna configuration that ensures
the best coverage of cellular networks. Most existing work adopts
heuristic methods, where the antenna configuration is evaluated
and updated by calculating the coverage of the entire area
iteratively. However, in real networks with a large number of
antennas and highly complex ray-tracing models, the heavy
computational burden caused by repetitive coverage calculation
is usually unacceptable. In this paper, we propose a deep learning
approach that straightly infers the antenna configuration from
the raw data given by the city map. Specifically, we adopt
the emergent neural architecture search to automatically design
a specific neural network for the considered power coverage
optimization problem. Numerical results show that the discovered
neural architecture greatly outperforms the conventional hand-
crafted architectures.

Index Terms—Deep learning, network planning, neural archi-
tecture search, power coverage optimization.

I. INTRODUCTION

Coverage optimization is one of the fundamental problems

in mobile network planning, which aims to find the config-

uration that maximizes the area with a minimum received

power, referred to as power coverage optimization, or a

minimum signal-to-interference-and-noise-ratio, referred to as

capacity coverage optimization [1]. Depending on the specific

requirements, the configuration parameters may include the

number, position and transmit power of base stations [2], and

the number, type, downtilt and azimuth of antennas [3]. The

corresponding coverage performance highly impacts a variety

of key performance indicators for mobile users, such as user

data rate, call drop rate and handover failure.

Due to the complex propagation environment and the large

number of configurable parameters, coverage optimization is

considered to be highly challenging, and it becomes more

challenging in future wireless networks where small cells

with higher carrier frequencies are densely deployed. In fact,

coverage optimization belongs to a class of NP-hard problems,

which is computationally difficult even with medium sizes [1].

Thus, most existing work resorts to heuristic methods, in-

cluding simulated annealing [4], tabu search [5], evolutionary

algorithms [6], ant colony algorithms [7] and approximation

algorithms [2]. Some other work approximates the original
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NP-hard problem into other mathematical forms with more

sophisticated solutions. In [8], the coverage optimization prob-

lem is analyzed under the multi-arm bandit framework, where

the proposed algorithm is proved to converge to the optimal

arm with bounded regret. In [9], a numerical optimization

framework is utilized, where the classic stochastic gradient

descent algorithm is utilized to achieve local optimum with

low computational complexity.

Despite the conciseness and intuitiveness, the above algo-

rithms suffer from the computational burden caused by the

repetitive calculation of complex ray-tracing propagation mod-

els in real networks. To reduce the computational effort, deep

learning based methods are recently introduced to estimate

the coverage performance directly from the environment in-

formation. In [10], a two-step method based on reinforcement

learning is proposed to adjust the antenna parameters iterative-

ly according to the estimated coverage performance given by

a deep neural network. In [11], an auto-encoder structure is

adopted to extract semantic features from satellite imagery to

divide a geographical terrain into different segments, such that

each segment can employ an environment-specific empirical

model with fine-tuned propagation parameters.

We note that the neural networks employed by existing work

are originally engineered for traditional machine learning tasks

such as image recognition and natural language processing,

and they may not have the most suitable architecture for the

considered coverage optimization problem. Traditionally, the

search for suitable architectures is in itself a time-consuming

and error-prone task, though task-specific architecture modifi-

cations may result in significant gains [12]. However, there has

been an insurgence in recent research efforts in automatically

searching for problem-dependent neural architectures without

any human invention, which is referred to as neural archi-

tecture search (NAS) [13]. Already by now, NAS methods

have outperformed manually designed architectures on various

machine learning tasks [14].

In this paper, we focus on the power coverage optimization

problem of a single small cell, where the antenna azimuth and

downtilt are adjusted to maximize the area with a minimum

received power. Specifically, we utilize the state-of-the-art

NAS technology to automatically design a suitable neural

architecture of the considered problem, which takes the map

information as its input and directly outputs the suggested



angles of antenna azimuth and downtilt. Numerical results

show that the discovered neural architecture greatly differs

from the hand-crafted architectures, and greatly outperforms

them in terms of model accuracy and online complexity.

II. POWER COVERAGE OPTIMIZATION WITH DEEP

NEURAL NETWORKS

In this section, we formulate the considered power coverage

optimization as a machine learning task, where a deep neural

network is utilized to infer the optimal azimuth and downtilt

angles given the propagation environment. Specifically, we

construct a problem-dependent dataset by using a commercial

radio propagation software with real city maps and a radiation

pattern from a commercial 5G antenna, and then train the

deep neural network with a loss function measuring the

difference between the output configuration and the optimal

configuration. We note that the architecture of the deep neural

network is not specified, as it will be automatically designed

by NAS in the next section.

A. Power Coverage Ratio

Consider a single antenna sitting at the center of a square

area. We denote by h the antenna height and then the antenna

location is given by r0 = (0, 0, h). We denote by θ and φ the

antenna’s azimuth and downtilt angles in the global coordinate

system, respectively, and by α and β the antenna’s azimuth and

elevation angles in the local coordinate system, respectively.

The corresponding directional gain is given by G(α, β) and

the transmit power is given by Pt.

We divide the service area into K equal grids and assume

the coverage performance of each grid is represented by the

received signal power at the center point. For any grid point

i located at ri = (xi, yi, zi), the transmission direction in the

local coordinate system is then given by

αi = θ − arctan
xi

yi
, (1)

and

βi = φ− arctan
h− hi√
x2
i + y2i

. (2)

Thus, the received signal power of grid point i is given by

Pi = Pt ·G(αi, βi) · PL(r0, ri; E), (3)

where PL(r0, ri; E) represents the pathloss from r0 to ri
with propagation environment E , representing the geometrical

information of terrain and buildings of the service area.

We define a threshold P0 for the received signal power. A

grid is covered if and only if the received signal power at the

grid point is above the threshold. Thus, the power coverage

ratio is given by

R(θ, φ) =
1

K

K∑
i=1

1(i)Pi≥P0 , (4)
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Fig. 1. Illustration of the power coverage of a square area with 161 × 161
grids, where θ = 60◦ and φ = 15◦.

where 1(x) is an indicator function satisfying 1(i) = 1 if

Pi ≥ P0 and 1(i) = 0 otherwise. Thus, the optimal antenna

configuration can be written as

(θ∗, φ∗) = argmax
θ,φ

R(θ, φ). (5)

Due to the complex propagation environment and the complex

propagation model, it is usually difficult to find the optimal

antenna configuration. In the following subsections, we adopt

a machine learning model to address the power coverage

optimization problem, which takes E and h as the model input

and directly outputs the antenna configuration.

B. Dataset Construction

We construct a dataset by using a commercial radio prop-

agation software WinProp with a real city map and a 5G

antenna radiation pattern [15]. To reduce the computational

efforts, the number of feasible configurations is restricted by

60. Specifically, we have θ = n × 30◦ and φ = m × 5◦,

where 0 ≤ n ≤ 11 and 0 ≤ m ≤ 4 are integers. The city

map generates 12000 square areas of 805 m × 805 m, each of

which is divided into 161×161 grids of 5 m × 5 m. In Fig. 1,

we provide an illustrative example of the power coverage of

a square area with θ = 60◦ and φ = 15◦.

For each square i, the map feature is given by a tensor

s(i) ∈ R
3∗161∗161, where the first 161×161 channel represents

the terrain height of all grids, and the second 161 × 161
channel represents the building heights of all grids, and the

third 161 × 161 channel is simply the product of an all-one

matrix J161 and the antenna height h. The label l(i) ∈ R
60 is

given by a one-hot vector representing the index of the optimal

antenna configuration given by exhaustive search. Therefore,

the dataset can be written as

D =
{
(s(i), l(i)) | 1 ≤ i ≤ 12000

}
. (6)

C. Model Training

The dataset is divided into a training set of 5000 samples, a

validation set of 5000 samples and a test set of 2000 samples.



The training set is used to fit the model parameters according

to a loss function representing the difference between the true

label and the inferred label. The validation set is used to search

for the suitable neural network architecture. The test set is used

to evaluate the performance of the final model. We adopt the

cross-entropy loss function to penalize the model when the

output is different from the true label. We denote by l̂(i) as

the model output of sample i. Thus, the total loss of a set of

M samples is given by

fM (w) = −
M∑
i=1

N∑
j=1

l
(i)
j log l̂

(i)
j , (7)

where w represents the model parameters. The model pa-

rameters are trained with multiple epochs. In each epoch,

a stochastic gradient descent optimizer is utilized, which

calculates the gradient ∇f(w) of a mini-batch in each iteration

and updates the weights as

w = w − η · ∇f(w), (8)

where η is a pre-determined learning rate.

III. NEURAL ARCHITECTURE DESIGN WITH NAS

In this section, we introduce the differentiable architecture

search method to automatically design a deep neural network

for the constructed dataset [13]. Specifically, the method con-

sists of three components, i.e., architecture space, evaluation

method, and search strategy. The architecture space defines

the set of allowed architectures. The evaluation method refers

to the process of estimating the performance of a specific

architecture. The search strategy details the algorithm that

explores the architecture space. The implementation details

are explained as follows.

A. Architecture Space

As shown in Fig. 2(a), the overall structure of the neural

network is manually predetermined, where normal and re-

duction cells are alternatively stacked in series. As shown in

Fig. 2(b), the architecture space is defined for each type of

cells by using a directed acyclic graph, where each node x(i)

is a latent representation and each edge (i, j) is associated with

an operation o(i,j)(x) that transforms x(i). We assume that the

number of nodes is uniformly given by K for all cells.

Note that the directed acyclic graph defines a partial order

relation between nodes. We can order the nodes in a unique

sequence x(1), x
(2)
l , . . . , x(K), where each node is determined

by its predecessors, i.e.,

x(i) =
∑
i<j

o(i,j)
(
x(j)

)
. (9)

Thus, the architecture space is defined by the combination

of the operations associated with each edge. For each cell

in layer l, we assume there are two input nodes x(1) and

x(2) that directly carry the outputs of cells cl−2 and cl−1,

respectively, and a single output node x(K) that applies a

reduction operation to all the intermediate nodes.

(a) Overall structure.

(b) Cell structure with discrete archi-
tecture space.

(c) Cell structure with continuous ar-
chitecture space.

Fig. 2. An overview of the deep neural network.

To reduce the computational complexity, we relax the dis-

crete architecture space to a continuous one as in Fig. 2(c),

where the particular operation associated with each edge is

replaced by a softmax over all possible operations, i.e.,

ō(i,j)(x) =
∑
o∈O

exp
(
α
(i,j)
o

)

∑
o′∈O exp

(
α
(i,j)
o′

)o(x). (10)

where O is a set of candidate operations. Note that operation

ō(i,j)(x) can be represented by a vector α(i,j) of dimension

|O|. The architecture search reduces to finding a set of

continuous variables A = {α(i,j)}(i,j). At the end, a discrete

architecture can be obtained by rounding the continuous

operation to the most likely one, i.e.,

o(i,j)(x) = argmax
o∈O

α(i,j)
o . (11)

B. Evaluation Method

For a particular architecture A, it can be evaluated by the

loss fval(w
∗(A),A) on the validation set, where w∗(A) =

argminw ftrain(w,A) is the optimal model parameters on the

training set. However, the training process can be expensive,

which highly prohibits the exploration of the architecture

space. Thus, to avoid the entire training process, we replace



(a) Normal cell.

(b) Reduction cell.

Fig. 3. Discovered cell structures with neural architecture search.

the optimal model parameters w∗(A) with the one-step pa-

rameters, given by

w′ = w − η · ∇wftrain(w,A), (12)

where w is the current model parameters maintained by the

search strategy. The architecture A is then evaluated by using

v(A) = fval(w
′,A). (13)

C. Search Strategy

To minimize v(A), we evaluate the architecture gradient by

applying chain rule to (13) and yield

∇v(A) =∇Afval(w
′,A)

− η · ∇2
A,wftrain(w,A) · ∇w′fval(w

′,A).
(14)

To further reduce the computational complexity, we use finite

difference approximation for the second term. Let ε be a small

scalar and set

w± = w ± ε · fval(w
′,A). (15)

We have

∇2
A,wftrain(w,A) · ∇w′fval(w

′,A)

≈ ∇Aftrain(w
+,A)−∇Aftrain(w

−,A)

2ε
.

(16)
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Fig. 4. Model accuracy of both the discovered network and the plain
convolutional neural network.

Thus, we can update the architecture as

A = A− ξ · ∇v(A), (17)

where ξ is a pre-determined learning rate.

IV. NUMERICAL RESULTS

In this section, we compare the NAS-based model with

other hand-crafted models [16]. The number of nodes in each

cell is uniformly set as K = 6. Specifically, we consider 9
classical neural operations, including identity, 3 × 3 average

pooling, 3× 3 max pooling, 3× 3 dilated convolution, 5× 5
dilated convolution, 3×3 separable convolution, 5×5 separable

convolution, 7 × 7 separable convolution, 1 × 7 then 7 × 1
convolution, and a zero operation indicating the associated

edge is not connected. The model accuracy is represented by

the top-12 accuracy, which represents the probability that the

optimal antenna configuration is within the top 12 highest

probability configurations given by the model output. The

computational complexity is represented by the number of

parameters and the memory usage.

In Fig. 3, we show the discovered cell architectures by using

NAS. Specifically, 6 different operations and 7 connections are

applied in both the normal and reduction cells. As compared

to hand-crafted architectures, the discovered cells exhibit more

sophisticated architectures with more types of operations and

more connections between the representation nodes.

In Fig. 4, we show the top-12 accuracy of the discovered

architecture and the plain convolutional neural network as a

function of the number of parameters. As we can see, the

model accuracy increases with the number of parameters, as

the representative capability is enhanced by the model com-

plexity. As compared to the convolutional neural network, the

discovered architecture achieves higher accuracy with the same

amount of parameters, which implies it has higher parameter

efficiency. In addition, the curve of the discovered architecture

converges quickly at the point with 1 M parameters, indicating

that NAS can learn a relatively small neural network with high

accuracy for the power coverage optimization problem.



TABLE I
COMPARISON WITH HAND-CRAFTED MODELS.

Architecture Parameters Memory Top-12 Accuracy
(M) (MB) (%)

All-CNN 1.4 38.7 82.66
SqueezeNet 0.8 108.2 89.04
NiN 2.2 7.5 90.94
RiR 9.8 - 92.28
MobileNet 3.3 123.5 93.18
GoogleNet 6.4 302.4 94.30
ShuffleNet 1.0 327.8 94.30
ShuffleNetv2 1.3 149.3 94.85
MobileNetv2 2.3 201.1 96.08
DenseNet 12.6 1309.1 96.41
Wideresidual 55.9 1346.1 96.86

NAS
0.2 46.3 94.97
1.1 244.5 96.65
8.5 552.3 97.32
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Fig. 5. Power coverage ratio as a function of the number of top configurations.

In Table I, we compare the discovered architecture with

other classical hand-crafted neural networks [16], in terms of

the parameter number, the memory usage and the top-12 accu-

racy. As we can see, the discovered architecture outperforms

most hand-crafted architectures with only 0.2 M parameters

and 46.3 MB memory, except for the MobileNetv2, DenseNet

and Wideresidual. As we slightly increase the model scale

to 1.1 M parameters and 244.5 MB memory, the discovered

architecture outperforms the MobileNetv2 and DenseNet with

lower computational complexity. As we further increase the

mode scale to 8.5 M parameters and 552.3 MB memory,

the discovered architecture outperforms the Wideresidual and

still maintains much lower computational complexity. Thus,

the discovered architecture shows structural advantages as

compared to hand-crafted models.
In Fig. 5, we show the highest power coverage ratio

among the top configurations as a function of the number

of top configurations. As we examine more configurations

suggested by the neural network, the highest coverage ratio

increases monotonically. The discovered network outperforms

the best hand-crafted model, i.e., the Wideresidual network,

and achieves a near-optimal performance by examining the

top 6 highest probability configurations.

V. CONCLUSION

In this article, we considered the power coverage optimiza-

tion of a single small cell in urban environments. We propose

a NAS-based method to automatically design a deep neural

network that directly outputs the suggested antenna configu-

ration in azimuth and downtilt by using the map information.

Specifically, we use a commercial radio propagation software

with real city maps to construct our dataset, and adopt a

differential architecture search method to design a problem-

dependent neural architecture. Numerical results show that

the discovered architecture involves much more types of

operations and more connections as compared to hand-crafted

architectures, and shows superior performance in terms of

model accuracy, parameter efficiency, memory usage and the

actual power coverage ratio.
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