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Abstract—Wireless sensor network (WSN) is a key enabling
technology for Internet of Things (IoT), where the sensed data
reported by the distributed sensors are transmitted to a core
node for intelligent computation and decision. However, the
isolation between wireless communication and computing leads
to a waste of radio resources, since not all sensed data are
required for making a precise enough decision. Hence, we
propose a wireless neural network (WNN) to integrate the
neural computing and wireless communication by exploiting the
superposition characteristics of radio channels as well as the
reciprocity between deep artificial neural network and multitier WSN. The learning ability of WNN is further enhanced by
introducing multi-carrier transmission where the transmit gain
of each sub-carrier can be freely trained to increase the number
of adjustable network parameters. Experiments on some
datasets demonstrate that, similar decision accuracy can be
achieved compared with the conventional isolated method, while
the radio resource consumption can be greatly reduced due to
superposition transmissions.
Keywords—Internet of things, wireless sensor network, neural
computing, wireless neural network, superposition transmission

I. INTRODUCTION
Internet of Things (IoT) aims to connect the tremendous
number of devices and has led to a systematic paradigm shift
towards the next generation wireless communication (5G) [1].
The sensing devices play an important role in acquiring data
and disseminating data in IoT. Therefore, IoT has a strong
correlation with distributed sensing networks supported by
sensing devices, such as wireless sensor network (WSN) [2].
During these years, the elevation of WSN has acted an
elementary role in the development of IoT [3], and the key
challenge for both industry and academia related to WSN and
IoT is how to collect, manage, and process such large amount
of sensing data within an acceptable time duration [4].
With the massive and complicated sensing data acquired
in WSN, fast and efficient radio access and signal processing
methods have been developed to communicate raw data,
extract the useful information and make decisions. For
communication purpose, efforts have been made in both
network layer and physical layer to accommodate massive
connectivity. For example, authors in [5] and [6] proposed to
integrate multi-tier network with WSN to enhance the
transmission efficiency. Non-orthogonal multiple access
(NOMA) [7], which is a promising physical layer technology
for 5G, has been proposed to achieve sustainable radio access
in heterogenous wireless network [8][9]. As for intelligent
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signal processing purpose, deep learning (DL) has become
immensely popular during the last decade. DL exploits the
universal approximation property of the deep architecture,
such as deep neural network (DNN), to discover the abstract
and unobservable representations out of a large dataset [10].
The idea of DL has shown to be very successful in many
human level tasks, such as classification, recognition, and
decision [10]. Besides, DL has been studied in mining the
useful hidden features and making intelligent decisions based
on the massive data acquired in WSN and IoT [11].
Aware of the abovementioned technology progress, the
existing methods consequently adopts efficient wireless
transmission and signal processing technologies to explore the
value of IoT data [12]. However, the data transmission phase
and intelligent computing phase in these methods are
partitioned and respectively optimized, which usually leads to
a suboptimal solution. The data sensed by the distributed
sensors are usually correlated, and the sensed data are usually
highly redundant to accomplish the target tasks [13].
Therefore, separated optimization of communication phase
and computing phase normally leads to a waste of radio
resources. Nonetheless, few researches have focused on the
integration between wireless communication and neural
computing in WSN.
To tackle these challenges, this paper proposes a wireless
neural network (WNN) to integrate the neural computing and
wireless communication by exploiting the superposition
nature of wireless access channels as well as the reciprocity
between deep artificial neural network (DANN) and multi-tier
WSN. Due to the broadcasting nature of the radio signals, all
wireless links among one transmitting device and all receiving
devices in the next tier are highly corelated, which reduces the
degrees of freedom (DoF) of WNN. Observing this drawback,
we propose to enhance the learning ability of WNN by
introducing multi-carrier transmission where the transmit gain
of each sub-carrier can be freely trained to increase the
number of adjustable network parameters. We also conduct
experiments to show that similar decision accuracy on some
typical datasets can be achieved while the radio resource
consumption can be greatly reduced.
The rest of the paper is organized as follows. In Section II,
we describe the system model of multi-tier WSN as well as
the data model. In Section III, we demonstrate the proposed
WNN and the algorithm to train the network. Experiment
results are discussed in Section IV, and finally Section V
concludes this paper.
II. SYSTEM MODEL
In this section, we present system model of WSN, which
gathers the data from the distributed sensors. We then describe
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the structure of the data sensed by the distributed sensors, and
analyze the typical data transmission and processing
procedure in WSN.
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expend the cost with the multiplier, i.e., the total resource
consumption relates to 𝐿 ∑𝐼𝑖=1 𝐻(𝒙𝑖 ) where L is the number
of hops. Therefore, it is not efficient to isolate the data
transmission and computation. We note that, data aggregation
can be introduced to remove redundant information, at the cost
of high computation power at some sink nodes, which is not
efficient for practical deployment in WSN with long batterylife requirement.

Sink
Node

III. PROPOSED SCHEME
In this section, we propose a WNN which integrates the
neural computation into superposition transmissions over the
air, where each wireless node only performs simple
mathematical calculation.

Sensor Field

Management

Fig. 1. System model of WSN.

WSN consists of a bunch of distributed and dedicated
sensors, which is crucial in most IoT services, for monitoring
the environmental conditions, organizing the sensed data at a
specific central node, and then making the corresponding
decisions [14][15][16]. Fig. 1 illustrates a typical WSN for IoT.
WSNs normally measure environmental conditions such as
temperature, sound, pollution levels, humidity, and wind, etc.
After acquiring the physical signals, the sensor firstly
quantizes them to electrical signals, and then sends out the
data to the central node via wireless links for subsequent data
processing.
Denote random variable 𝒙 = [𝑥1 , … , 𝑥𝑘 , … , 𝑥𝐾 ] ∈ ℛ𝐾 as
the observable state of the entire environment, where K is the
dimension of each realization of the state. Assume that for
each observation of the state of the environment, there is a
corresponding decision denoted by the mapping 𝐹: 𝒙 → 𝑦,
where 𝑦 ∈ {1,2, … , 𝑌} represents the label of decisions.
However, due to hardware restriction, each sensor in WSN
may only observe several elements of 𝒙 . We denote the
sensed state at i-th sensor as 𝒙𝑖 = [𝑥𝑖1 , … , 𝑥𝑖𝑘 , … , 𝑥𝑖𝐾 ] ,
𝑖
where 𝒳𝑖𝑘 is the 𝑖𝑘 -th element of 𝒙. Therefore, the ultimate
target of a WSN with I sensors is to find a mapping relation
𝐹̂ between all observed states and the true decision
𝐹̂ : {𝒙1 , … , 𝒙𝑖 , … , 𝒙𝐼 } → 𝑦, 𝑦 ∈ {1,2, … , 𝑌},

Wireless sensor networks (WSN) and artificial neural
networks (ANN) have similar topology. A WSN is constituted
from hundreds or thousands of sensor nodes, each of which
typically has certain computational ability. An ANN is also
composed of hundreds or thousands of computational neurons,
assuming that each possesses or requires only very limited
computational processing capability. Due to this similarity, a
sensor node can act like or implement as a neuron in ANN,
while the wireless links among the sensor nodes are analogous
to the weighted connections among the neurons.
Fixed Channel
Matrix

Bias

Nodes

(1)

which best matches the true mapping 𝐹. To find 𝐹̂ , two tasks
should be accomplished, i.e., the transmissions of the sensed
data and the computations of decision mapping. Typically, a
two-step solution is employed in multi-tier WSN. Firstly, each
sensor node quantize the data and then transmit them
according to multi-hop routing towards the central node, via
internet or satellite link. Secondly, after the data reach the
central node, they are analyzed and managed by the
computing element, such as artificial neural network.
The aforementioned two-step solution isolates the data
transmission and computation, which, however, may causes
the waste of radio resources. Due to the fact that the sensed
data of different sensors are not independent, we readily have
the following condition
∑𝐼𝑖=1 𝐻(𝒙𝑖 ) > 𝐻(𝒙),

A. Architecture of the Proposed WNN
In the WSN aforementioned, the increasing of the number
of sensors will account to the exploding increase of data and
may lead to heavy burdens on wireless transmissions, as well
as storage and computation of server center. To realize the
goal of achieving similar computational abilities while
utilizing less resources, we propose to embed artificial neural
networks into WSN, where both are parallel and distributed
system.

(2)

which reflects that the transmission of all sensed data requires
much more radio resources than the transmission of the entire
state of environment. Besides, the multi-hop transmission will
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Fig. 2. Proposed WNN based on single-carrier transmission.

Fig. 2 describes the basic structure of WNN with singlecarrier, the nodes in cycles are regarded as neurons. Due to the
broadcasting nature of radio communications, the node in
previous layer can broadcast signals to multiple nodes in the
next layer [17]. We model this with nodes in rectangles to
represent the fixed channel matrix between the nodes in
adjacent layers.
Assuming that there are 𝑛𝑙 layers in the network, let
(𝑙)
𝑧𝑖 denote the total weighted sum of inputs to unit i in layer
(𝑙)
l (including the bias term) , and 𝑎𝑖 indicate the activation of
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unit i, with the activation function 𝑓(∙) . Here we adapt
softmax function in the output layer, and sigmoid function in
other layers. Assume that the proposed WNN has parameters
(W, b), where W is the weight matrix between layers and b is
the bias. When data is transmitted from layer l (with 𝑆𝑙 nodes)
to layer l+1 (with 𝑆𝑙+1 nodes), the first step is to transmit data
̃1 ∈ 𝕽1×𝑆𝑙 ; the
at layer l, with an adjustable weight matrix 𝑾
second step is to receive data from the channels at layer l+1,
̃2 ∈ 𝕽𝑆𝑙×𝑆𝑙+1 . We readily see
with a fixed channel matrix 𝑾
̃1 and 𝑾
̃2 .
that, W is calculated by multiplying 𝑾
Nevertheless, due to the characteristics of broadcast, the
amount of parameters is proportional to the number of nodes
in a network, instead of the number of connections between
layers. Thus the number of tunable parameters between layer
l and layer l+1 equals to the number of nodes of layer l, that
is 𝑆𝑙 , while there are 𝑆𝑙 ∗ 𝑆𝑙+1 tunable parameters in a fully
connected neural network. Obviously, the learning capability
is greatly reduced in Fig. 2. To solve this problem, we further
propose to enhance the learning capability, namely the amount
of tunable parameters, by introducing multi-carrier
transmission (such as OFDM), where the transmit gain of each
sub-carrier can be freely trained.
Fig. 3 describes the basic structure WNN with two subcarriers, represented by SC-1 and SC-2, respectively, utilized
by a node to transmit the same data to different channels. In
layer l, assuming that there are N subcarriers, thus the number
of adjustable parameters is 𝑆𝑙 ∗ 𝑁.
Fixed Channel
Matrix

Bias

Given a training set of m examples, we then define the cost
function to be 𝐽(𝑾, 𝒃) , consisting of the mean of cross
entropy and a regularization term to prevent overfitting.
𝑛𝑙 −1 𝑠𝑙 𝑠𝑙+1

1
𝜆
(𝑙) 2
𝐽(𝑾, 𝒃) = 𝐽(𝑾, 𝒃; 𝒙, 𝒚) + ∑ ∑ ∑(𝑊𝑗𝑖 )
𝑚
2
𝑙=1 𝑖=1 𝑗=1

=−

𝑚

𝑛𝑙 −1 𝑠𝑙 𝑠𝑙+1

𝑘=1

𝑙=1 𝑖=1 𝑗=1

1
𝜆
(𝑙) 2
∑ 𝑦𝑘 𝑙𝑛𝑎𝑘 + ∑ ∑ ∑(𝑊𝑗𝑖 )
𝑚
2
(4)

The key step of gradient descent, which is used to optimize
the cost function, is to compute the partial derivatives of
𝐽(𝑾, 𝒃), and backpropagation algorithm gives an efficient
way.
The procedure of the backpropagation algorithm is as
follows. Given a training example (𝒙, 𝒚), firstly perform the
forward propagation to compute all the activations throughout
the network, then, for each node i in layer l, compute an error
term δ𝑙𝑖 , representing how much this node was responsible for
any errors in the output.
The following Algorithm 1 describe the forward and
backward training algorithm of WNN.
Algorithm 1. Forward and backward training algorithm of WNN
Input: x: training data; y: training labels; α: the learning rate;
Output: 𝑾(𝒍) : the connection weight matrix between layer 𝒍 and
layer 𝒍 + 𝟏

Nodes

𝒃(𝒍) : the bias matrix between layer 𝒍 and layer 𝒍 + 𝟏
SC-1

𝒂(𝒍) : output of layer l
1. Set ∆𝑾(𝒍) = 𝟎, ∆𝒃(𝒍) = 𝟎 (matrix/vector of zeros) for all l.

SC-2

2. For i=1 to m,
a. Use backpropagation to compute the partial derivatives:
𝛁𝑾(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚) and 𝛁𝒃(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚).
i. Perform a feedforward pass, computing the activations for
layers 1 to 𝒏𝒍 , using the equations defining the forward propagation
steps.
Layer 1

Layer 2

Layer 3

Layer 4

ii. For the layer 𝒏𝒍 , set 𝜹(𝒍) = 𝒂(𝒍) − 𝒚(𝒍).

Fig. 3. Proposed WNN based on multiple-carrier transmission.

iii. For the layer 𝒍 = 𝒏𝒍 − 𝟏, 𝒏𝒍 − 𝟐, … , 𝟑, 𝟐 set

Three steps are involved in transmitting data from layer 1
to layer l+1. Firstly data is transmitted by each node of layer l
in N subcarriers with N adjustable weight, i.e., 𝑾1𝑛 ∈ 𝕽1×𝑆𝑙 .
After that, through the channel with N fixed channel matrices
𝑾2𝑛 ∈ 𝕽𝑆𝑙×𝑆𝑙+1 , data reach 𝑁 ∗ 𝑆𝑙+1 nodes. Finally, each
node of layer l+1 gather the data with N variable weight
matrix 𝑾3𝑛 ∈ 𝕽1×𝑁 . In this case, larger number of the
tunable parameters are achieved , compared to the case of
WNN with single-carrier, which means higher degree of
freedom and learning ability of the network.
B. Training Algorithm
Assuming 𝑾(𝑙) as the equivalent connection matrix from
layer l to layer l+1, by organizing our parameters in matrices
and using matrix-vector operations, the forward propagation
can be described as:
𝒛(𝑙+1) = 𝑾(𝑙) 𝒂(𝑙) + 𝒃(𝑙)
𝒂(𝑙+1) = 𝑓(𝒛(𝑙+1) )

(3)

1915

𝑻

𝜹(𝒍) = (𝑾(𝒍) ) 𝛅(𝒍) 𝒇′ (𝒛(𝒍) ).
iv. Compute the desired partial derivatives:
𝛁𝑾(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚) = 𝜹(𝒍+𝟏) (𝒂(𝒍) )

𝑻

𝛁𝒃(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚) = 𝜹(𝒍+𝟏)
b. Set ∆𝑾(𝒍) = ∆𝑾(𝒍) + 𝛁𝑾(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚).
c. Set ∆𝒃(𝒍) = ∆𝒃(𝒍) + 𝛁𝒃(𝒍) 𝑱(𝑾, 𝒃; 𝒙, 𝒚).
3. Update the parameters:
𝟏
𝒎

𝑾(𝒍) = 𝑾(𝒍) − 𝛂[ ∆𝑾(𝒍) + 𝝀𝑾(𝒍) ].
𝟏
𝒎

𝒃(𝒍) = 𝒃(𝒍) − 𝛂[ ∆𝒃(𝒍) ].

δ𝑙𝑖 can be computed in the following way:
1)

For each unit i in layer 𝑛𝑙 (the output layer), set

(𝑛 )
δ𝑖 𝑙

=

𝜕𝐽(𝑾, 𝒃; 𝒙, 𝒚)
(𝑛𝑙 )

𝜕𝑧𝑖
𝑆𝑛𝑙

𝜕𝐽 𝜕𝑎𝑗
(𝑛𝑙 )

𝜕𝑎𝑗

𝑆𝑛𝑙

= ∑ −𝑦𝑗
𝑗≠𝑖

𝑆𝑛𝑙

) + ∑(
(𝑛 )

𝜕𝑧𝑖

The architecture of our network contains three layers. The
first layer contains 784 input neurons, which equals to the
pixel of each image. The hidden layer contains 500 neurons.
The final layer contains 10 output neurons, that is, the number
of categories. Add additive white Gaussian noise (AWGN)
to the connections between different layers. We use Batch
Gradient Descent to optimize the loss function for over 5000
training steps with a batch size of 100 samples.

(𝑛𝑙 )

𝜕𝐽(𝑾, 𝒃; 𝒙, 𝒚) 𝜕𝑎𝑗
= ∑(
)
(𝑛 )
(𝑛 )
𝜕𝑎𝑗 𝑙
𝜕𝑧𝑖 𝑙
𝑗=1

(𝑛𝑙 )

= ∑(
𝑗=𝑖

𝑆𝑛𝑙

𝑙

𝑗≠𝑖

(𝑛𝑙 )

𝜕𝐽 𝜕𝑎𝑗
(𝑛𝑙 )

𝜕𝑎𝑗

(𝑛𝑙 )

𝜕𝑧𝑖

)

Using the trained network, the accuracy of the test data is
shown in Table 1. Fig. 4 shows the training loss variation on
MNIST dataset during model training in three cases.

1
1
(−𝑎𝑖 𝑎𝑗 ) + (−𝑦𝑗 ) (𝑎𝑖 (1 − 𝑎𝑖 )
𝑎𝑗
𝑎𝑗

Table 1. Accuracy on MNIST test dataset

𝑆𝑛𝑙

DNN

= 𝑎𝑖 ∑ 𝑦𝑗 − 𝑦𝑖 = 𝑎𝑖 − 𝑦𝑖
𝑗≠𝑖

0.9729

(5)
2)
(𝑛𝑙 −1)

δ𝑖

Proposed WNN

Proposed WNN

(single-carrier)

(multiple-carrier)

0.9068

0.9223

For layer 𝑙 = 𝑛𝑙 − 1, set
=

𝜕𝐽(𝑾, 𝒃; 𝒙, 𝒚)
(𝑛𝑙 −1)

𝜕𝑧𝑖

(𝑛 −1)

=

𝜕𝐽(𝑾, 𝒃; 𝒙, 𝒚) 𝜕𝒛(𝑛𝑙) 𝜕𝑎𝑖 𝑙
(𝑛 −1)
(𝑛 −1)
𝜕𝒛(𝑛𝑙)
𝜕𝑎 𝑙 𝜕𝑧 𝑙
𝑖

𝑆𝑛𝑙

𝑖

(𝑛𝑙 −1)
(𝑛𝑙 −1) (𝑛𝑙 ) 𝜕𝑎𝑖
δ𝑗 ) (𝑛 −1)
𝜕𝑧𝑖 𝑙

= ∑(𝑊𝑗𝑖
𝑗=1
𝑆𝑛𝑙

(𝑛𝑙 −1) (𝑛𝑙 )
(𝑛 −1)
δ𝑗 )𝑓 ′ (𝑧𝑖 𝑙 )

= ∑(𝑊𝑗𝑖
𝑗=1

(6)
Replace 𝑛𝑙 and (𝑛𝑙 − 1) with 𝑙 and 𝑙 + 1:
δ𝑙𝑖

=

𝑆𝑙+1
(𝑙) (𝑙+1)
∑𝑗=1
(𝑊𝑗𝑖 δ𝑗
)𝑓 ′ (𝑧𝑖𝑙 ).

Fig. 4. Loss variation on MNIST dataset during model training.

(7)

The results on the MNIST dataset shows that, the proposed
WNN scheme with single-carrier sacrifices the accuracy rate,
and the proposed WNN with multiple-carrier can significantly
enhance the detection accuracy.

In this section, we present the experiments results to verify
the efficiency of the proposed scheme on two datasets, i.e.,
MNIST dataset [18] and Wireless Indoor Localization dataset
[19].

B. Experiments on Wireless Indoor Localization Dataset
The Wireless Indoor Localization dataset is collected in
indoor space by observing signal strengths of seven WIFI
signals visible on a smartphone. At certain locations, the
signal strengths were observed by polling the wireless signal
strength at a constant time interval. This was again repeated
for other location, and collected two thousand observations for
seven different routers. The decision variable is one of the four
rooms.

IV. EXPERIEMENTS

The proposed network is formulated, trained and tested
based on the TensorFlow framework. A GPU server with two
Nvidia GTX-1080Ti GPUs and an Intel Xeon E5-2620 v4
CPU is employed to accelerate the training procedure, while
the proposed network can also be trained on an ordinary
consumer computer. The network parameters are initialized
with Xavier initialization method.
A. Experiments on MNIST Dataset
The MNIST dataset, combined by two of NIST's databases
that consist of digits written by high school students and
employees of the United States Census Bureau, respectively,
contains 60,000 training images and 10,000 testing images.
Furthermore, the black and white images from NIST were
normalized to fit into a 28×28 pixel bounding box and antialiased, which introduced grayscale levels.

The architecture of our network contains four layers. The
first layer contains 7 input neurons, which equals to the
number of routers. The first hidden layer contains seven
neurons, and the second hidden layer contains five neurons.
The output layer contains 4 output neurons, that is, the number
of categories. Add additive white Gaussian noise (AWGN)
to the connections between different layers. We select 30% of
the dataset as the test data, and 70% as the training data,
randomly. The network was trained 20,000 times with a batch
size of 100 samples.
Using the trained network, the accuracy of the test data is
shown in Table 2. Fig. 5 shows the training loss variation on
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Wireless Indoor Localization dataset during model training in
three cases. Fig. 6 compares the radio resource consumptions
of different schemes. It is shown that the proposed scheme can
achieve the similar accuracy while significantly reduces the
radio resource consumption, due to the integration of neural
computation and wireless data transmissions.
Table 2. Accuracy on Wireless Indoor Localization test dataset
DNN

0.9535

Proposed WNN

Proposed WNN

(single-carrier)

(multiple-carrier)

0.9305

0.9482

radio resource consumption, due to the integration of neural
computation and wireless data transmissions.
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