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Abstract—People/crowd counting is a critical technique in
many people-centric Internet of Things (IoT) applications, e.g.,
security monitoring and energy management for smart homes.
Device-free people counting systems can in general be categorized
as image-based and non-image-based. Non-image-based methods
have the advantages of being economical and nonintrusive, as
only ambient wireless signals from off-the-shelf wireless devices
such as Wi-Fi are used. In this paper, we propose a non-imagebased people counting system based on the deep neural network
(DNN) model using fine-grained physical-layer wireless signatures
such as Wi-Fi channel state information (CSI). Only one Wi-Fi
transmitter and one laptop receiver are required, and people are
not required to wear or carry any equipment (i.e., device-free).
A novel feature space expansion scheme that incorporates the
dynamic information of CSI measurements is proposed for the
DNN model to enhance its performance. Real testbed experiments
showed that the proposed system can achieve as high as 88%
average correct classification rate in estimating the exact number
of the crowd of size up to nine people in the most general indoor
scenario.

I. I NTRODUCTION
People/crowd counting is crucial in many people-centric
Internet of Things (IoT) applications, e.g., traffic management,
elderly monitoring, smart home energy management, etc.
Classical solutions to this problem can be broadly categorized as image-based and non-image-based methods. With the
advances of imaging technologies, an image-based counting
model estimates the crowd density by analyzing the human
characteristics in high-resolution images in the pixel, texture,
or object level, often achieving a superb detection accuracy [1].
However, the sensitivity to the lightness of the scenario background, the high computational costs, the privacy concerns,
etc. are limiting factors that could confine the applicability of
image-based methods.
Non-image-based methods perform people counting based
on wireless signals (ultrasound, infrared, Wi-Fi, etc.), especially the received signal strength (RSS) as an indicator of
signal propagation through the space [2]. The advantages of
these methods are that they are economical and practical,
as off-the-shelf wireless devices such as Wi-Fi can be used
and no extra equipment is required. Many studies on RSSbased people counting systems observed that the RSS profiles
are sensitive to the change in the number of people in the
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environment and attempted to correlate the two [2]–[4]. In
[3], 16 sensor nodes in a 18 × 18 m2 room were used and an
RSS fingerprint approach was adopted to estimate the crowd
density. The approach was shown achieving 86% accuracy in
classifying three categories of crowd density, i.e., 0–3 people,
4–10 people, and more than 10 people. In [2], a mathematical
model was proposed to estimate the probability distribution of
the number of people, based on the observation that people
may obstruct the line of sight and there is a scattering effect
on the transmitted signal. The counting model was tested in
both indoor and outdoor environments with up to nine testers,
and an error rate of less than two people was shown. In
[4], a smartphone-based people counting system called WiCounter was proposed. A noise-reduction process on the Wi-Fi
signals and a five-layer neural network as the estimation model
were employed. Wi-Counter yields an error rate of < 15% as
compared to previous studies (33% in [5] and 22% in [6]) in
counting 50 people in the same testbed environment (a 96 m2
classroom).
RSS measurements are subject to environmental noises
and multipath fading. To improve the estimation accuracy,
expanded RSS data acquisition is often performed, which
inevitably incurs more deployment, time, and/or computational
costs (e.g., more transmitters need to be installed). Recently,
channel state information (CSI) has been introduced as an
alternative signature to overcome the above challenges [7].
CSI provides fine-grained physical-layer information, such
as multipath signal components (i.e., subcarriers) with amplitude/phase information for each subcarrier, as compared
to the coarse-grained RSS. CSI has recently found many
applications such as localization [8], gesture recognition [9],
human activities recognition [10], breathing and heart rates
tracking during sleep [11], customer’s behavior analysis [12],
etc.
In the application of indoor people counting, CSI profiles
can potentially provide more discriminative features and are
more sensitive to the number of people in the environment
than RSS profiles, without the need to install many transmitters
and receivers. CSI-based people counting was studied in [13],
[14]. The relationship between the number of people and
the collected CSI was theoretically examined in [13]. It was
reported that 98% and 70% estimation errors are less than or
equal to two persons for indoor and outdoor environments,
respectively, in the testing with a maximum of 30 people. In
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Fig. 1. Floor plans of the conference room in the basement of CITI, AS. The
transmitter (a Wi-Fi AP) and receiver (an ASUS laptop computer with Ubuntu
10.04 LTS and Intel Wi-Fi Wireless Link 5300 802.11n MIMO radios) are
placed at the marked locations. In the 𝑛-people condition (𝑛 = 1, . . . , 𝑁 ),
where 𝑁 = 9 is shown, the 𝑛 people assume locations from #1 to #𝑛 (for
offline training and online testing with fixed locations; see Table I).

[14], a dimension-reduction method to reduce a CSI vector
into a two-dimensional feature space was introduced and a
linear classifier was used for crowd counting. Classification
tests showed that the model trained in one room can also be
used in the other two rooms with different sizes for testing.
Specifically, in the testing with a maximum of 7 people, about
80–90% estimation errors are less than or equal to two persons.
Note that the CSI-based people counting systems in [13], [14]
both considered some error tolerance (e.g., two persons) in
evaluating the methods, with the correct classification rates of
exact numbers of the crowd being low (see Fig. 10(a) of [13]
and Tables 1–2 of [14]).
In some applications, such as home security, estimating
the exact number of the crowd is desired. In this paper, we
are motivated to propose a people counting system, with the
objective of estimating the exact number of people in the target
environment. The proposed system is based on deep neural
network (DNN) as the classifier and CSI as the features, with
the smallest economical deployment of one transmitter and one
receiver. Our real-world experiments showed that the proposed
system can detect the exact number of the crowd of size up to
9 people (10 classes) with around 88% accuracy in the most
general indoor scenario.
The remainder of the paper is organized as follows. Sec. II
describes the indoor people counting problem. Sec. III presents
the proposed method. Sec. IV presents the experimental results
and discussion. Finally, Sec. V concludes the paper.
II. T HE D EVICE -F REE I NDOOR P EOPLE C OUNTING
P ROBLEM
We consider an indoor environment where there is an
unknown number of people in the environment. The people
are not expected to wear or carry any particular equipment
or device (i.e., device-free). A pair of transmitter (e.g., a WiFi access point (AP)) and receiver (e.g., a wireless network
adapter) are preinstalled at fix locations in the environment,
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Fig. 2. Structure of a neural network model.

and the CSI between the transmitter and receiver is measured
at the receiver. The objective is to estimate the exact number
of people in the indoor environment based on the CSI measurements.
More specifically, we consider the conference room in the
basement of Research Center for Information Technology
Innovation (CITI), Academia Sinica (AS), Taipei, Taiwan, as
shown in Fig. 1. A pair of transmitter (i.e., a commercial WiFi AP with two antennas) and receiver (i.e., an ASUS laptop
computer with Ubuntu 10.04 LTS and Intel Wi-Fi Wireless
Link 5300 802.11n MIMO radios with two antennas [7]) are
placed at the marked locations. There is an unknown number
of up to 𝑁 people in the conference room. The dimensions
of the conference room, the locations of the transmitter and
receiver, and the locations of people are depicted in Fig. 1.
The nearest distance between any two locations of people is at
least 100 cm. Note that in our experiments, as will be detailed
in Sec. IV, we consider both scenarios of fixed locations of
people (as shown in Fig. 1) and arbitrary locations of people
(where people assume arbitrary locations in the room) for
online testing.
III. T HE P ROPOSED DNN-BASED A PPROACH TO I NDOOR
P EOPLE C OUNTING U SING CSI F EATURES
A. Deep Neural Network Model
DNN has found many applications such as face detection,
speech recognition and natural language processing, etc. DNN
originated from shallow neural network, the early term of
artificial neural network (ANN). The basic structure of a neural
network model is composed of three parts: an input layer, 𝐿
hidden layers, and an output layer, as illustrated in Fig. 2. In
the figure, circles represent neuron-like nodes, inspired from
the human’s nervous system, which are basic units of the
neural network. The layers are organized in a hierarchical way,
and the nodes of two adjacent layers are fully connected. In
many applications, an increasing number of the hidden layers
improves the performance at the cost of higher computational
complexity. The relationship between the (𝑙 − 1)th and 𝑙th
hidden layers can be described by
a𝑙 = 𝜎sig (W𝑙 a𝑙−1 + b𝑙 ),

𝑙 = 2, . . . , 𝐿

(1)

where a𝑙 is a 𝑎𝑙 × 1 vector and a𝑙−1 is a 𝑎𝑙−1 × 1 vector,
with 𝑎𝑙 and 𝑎𝑙−1 being the numbers of nodes in 𝑙th and
(𝑙 − 1)th layers, respectively; W𝑙 and b𝑙 are the weight
matrix and bias vector in the 𝑙th layer, respectively, whose
values are randomly initialized before training; 𝜎sig (⋅) is the
sigmoid function commonly used as the activation function
in a neural network model, which is to produce a nonlinear
decision boundary via nonlinear combinations of the weighted
inputs. Note that a0 , which is a 𝑎0 × 1 vector, represents the
input layer, where 𝑎0 is the dimension of the feature space for
each input data. The sigmoid function is given by
𝜎sig (𝑡) = 1/(1 + exp(−𝑡))

(2)

where the input of the function is a linear combination of
weights and inputs in each hidden layer, and the output of the
function will be restricted to (0, 1). At the output layer, we use
the softmax function 𝜎soft (⋅) to yield a categorical distribution
of the desired classes ŷ based on the nodes from the last
hidden layer a𝐿 , i.e.,
ŷ = 𝜎soft (a𝐿 ).

(3)

We select the class with the maximum value from ŷ as our
prediction.
With the many hidden layers in the DNN model, a common
way to train the DNN model is back-propagation. For the 𝑖th
training sample, its label y𝑖 is a 1 × (𝑁 + 1) vector where the
(𝑛 + 1)th element will be one and the other elements will be
zero if there are 𝑛 people in the environment (considering that
the first element corresponds to the no-people condition). The
estimation by the DNN model ŷ𝑖 is also a 1 × (𝑁 + 1) vector
calculated from (3), where each value in the vector indicates
the probability for each condition.
Given y𝑖 and ŷ𝑖 , DNN can iteratively adjust the parameters
of the weight matrix with the objective of reducing the training
errors from the last hidden layer to the first hidden layer.
Cross-entropy is used to define the training error 𝑒𝑘 during
the 𝑘th iteration, i.e.,
𝑆 𝑁 +1
1∑∑
𝑘
𝑦𝑖,𝑗 log 𝑦ˆ𝑖,𝑗
𝑒𝑘 = −
𝑆 𝑖=1 𝑗=1

(4)

where 𝑆 is the total number of the training data, 𝑦𝑖,𝑗 is the
𝑘
is the 𝑗th element of ŷ𝑖 in the 𝑘th
𝑗th element of y𝑖 , and 𝑦ˆ𝑖,𝑗
iteration.
Once the training error 𝑒𝑘 is calculated, the parameters of
weight matrix and bias vector in the 𝑘th iteration will be
updated in the (𝑘+1)th iteration based on the gradient descent.
(𝑘)
(𝑘)
We denote W𝑙 and b𝑙 in the 𝑘th iteration by W𝑙 and b𝑙 ,
(𝑘)
(𝑘)
(𝑘)
and the gradient descents of W𝑙 and b𝑙 by ΔW𝑙 and
(𝑘)
Δb𝑙 . Thus, we have
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− 𝜂(∂𝑒𝑘 /∂W𝑙 ) (5)
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− 𝜂(∂𝑒𝑘 /∂b𝑙 )

(6)

where 𝜂 is the learning rate. The training will continue until
the training error is less than the specified threshold or the
training iteration exceeds a predetermined maximum number.

B. DNN-Based Indoor People Counting Model with CSI Features
A DNN-based approach to people counting generally comprises two phases: offline training phase and online testing
phase. During the offline training phase, the CSI is measured
for the cases of zero to 𝑁 people in the environment, where 𝑁
is the known maximum number of people in the application.
The collected CSI that corresponds to the 𝑛-people condition
(𝑛 = 0, 1, . . . , 𝑁 ) is denoted by X𝑛 , which is a 𝑀𝑛 × 𝑁sub
matrix, where 𝑀𝑛 is the total number of CSI measurements
and 𝑁sub is the total number of subcarrier indices for each
sampling time. (For example, in our testbed environment, since
the transmitter and receiver each has two antennas, and there
are 30 subcarriers for each transmit-receive antenna pair in
the 802.11n system, we have 𝑁sub = 2 × 2 × 30 = 120.) The
⊤ ⊤
training data are collected as Xtrain = [X⊤
0 , . . . , X𝑁 ] . A
counting model 𝑓 is trained with the training data Xtrain in the
offline phase. Then, in the online phase, we collected another
set of data, i.e., testing data Xtest , for testing the model 𝑓 .
Fig. 3 exemplifies the measured CSI for the no-people, twopeople, and four-people conditions in the considered indoor
environment. As can be seen, the collected CSI data carry
sufficiently discriminative features with respect to the number
of people in the indoor environment. Thus, the CSI data
are relevant features that are fed into a counting model for
estimating the number of people in the indoor environment.
C. The Proposed Feature Space Expansion
To mitigate the effect of environmental noises on CSI
measurements and the performance of the prediction model,
preprocessing of the input data, such as noise reduction and
feature selection, is often performed (see, e.g., [4], [10]). Noise
reduction, or denoising, aims to remove noises from the input
data by employing some kind of filtering. Feature selection
aims to remove features that are noisy or irrelevant based
on a statistical method (e.g., entropy) or physical meaning
(e.g., max-mean). Both methods are commonly used in the
model training. However, noise reduction requires additional
time/computational complexity in performing filtering, and
feature selection could compromise the robustness of the
model due to the reduced feature space.
The nodes in the hidden layers (often called anchor nodes)
in a DNN model, in theory, will be trained to present the
frequently occurring patterns of the input data or of the previous hidden layer, which provides the same effect of feature
selection [15]. This effective feature selection capability of
the DNN model, if coupled with the expanded feature space
of the input data to provide more information to the model
for selection, could enhance the performance of the model.
Thus, we propose a feature space expansion scheme, where
the differences between the CSI measurements and the average
CSI measurements in each 𝑛-people condition are calculated to
provide “dynamic information” which comprises the additional
features. Specifically, we calculate
X′𝑛 = X𝑛 − X̄𝑛 ,

𝑛 = 0, 1, . . . , 𝑁

(7)

0 people

40

10

0

30
Amplitude of CSI (dB)

20

20

10

0

-10
20

40

60
80
Subcarrier index

100

120

20

10

0

-10
0

4 people

40

30
Amplitude of CSI (dB)

30
Amplitude of CSI (dB)

2 people

40

-10
0

20

40

60
80
Subcarrier index

(a)

100

120

0

20

(b)

40

60
80
Subcarrier index

100

120

(c)

Fig. 3. Amplitude of CSI for 𝑁sub = 120 channels (30 subcarriers for 2 × 2 transmit-receive antenna pairing) measured in some time duration, for (a)
no-people, (b) two-people, and (c) four-people conditions (all fixed locations).

Phase
Offline training
Online testing
(Scenario A)
Online testing
(Scenario B)

Scenario
Fixed locations of people
Fixed locations of people

# collected samples
10, 937
10, 565

Arbitrary locations of people

11, 818

where X̄𝑛 is the sample mean vector of X𝑛 . Then, we expand
the training data as
X′train = [Xtrain , X′ ]

100

Correct classification rate (%)

TABLE I
S UMMARY OF CSI M EASUREMENTS IN O NLINE AND O FFLINE P HASES
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0

(8)
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where X′ = [X′⊤
has the same dimensions as
0 , . . . , X𝑁 ]
Xtrain .

IV. E XPERIMENTAL R ESULTS AND D ISCUSSION
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Fig. 4. The correct classification rate (CCR) vs. the number of fine-tune
training iterations in the DNN model with feature space expansion, for the
offline training phase and two scenarios in the online testing phase.

A. Experimental Setup
We conduct real-world experiments in the testbed environment shown in Fig 1. In the offline training phase, the
participating people are instructed to remain in their designated locations as shown in Fig 1. There is no restriction to
their poses (standing, sitting, etc.) or activities (talking, using
computers, etc.) in the designated locations. This simulates,
for example, a real office environment. CSI measurements are
performed for the 𝑛-people condition, for 𝑛 = 0, 1, . . . , 𝑁 ,
where 𝑁 = 9. The collected data are used as the training data
for the multi-classification DNN model. In the online testing
phase, we consider two scenarios: A) fixed locations of people
(i.e., the same scenario as in the offline training phase), and
B) arbitrary locations of people, where the participating people
assume arbitrary locations in the room and the locations may
vary in different instances of data collection. The duration of
each CSI collection (offline or online) is about 3 minutes.
There are about 1,000 samples collected for each 𝑛-people
condition, and thus the total number of samples is around
10,000, as summarized in Table I.
In our work, we use three hidden layers (𝐿 = 3) to build an
encoder structure of the DNN model [16], and the three hidden

layers (from first to third) contain 120, 60, and 30 nodes,
respectively. The learning rate is set to 0.004 for the first layer
and 0.0025 for other layers. Also, similar to [17], [18], we
follow the auto-encoder method to pre-train the layers before
the back-propagation training (fine-tune training) of the entire
DNN model, to accelerate the training process and improve
the efficiency of the model. We set the number of training
iterations to pre-train the three hidden layers to 400, 200, and
150, respectively, and we set 400 iterations for the fine-tune
training.
We compare the proposed DNN-based method with 𝑘nearest neighbor (𝑘-NN) [19] and Gaussian maximum likelihood estimation (MLE) [20]. We set 𝑘 = 1, 3, 5, 7 for 𝑘-NN.
The proposed DNN-based method is also compared with its
no-feature-expansion counterpart, for which we set the number
of training iterations to pre-train the three hidden layers to 90,
60, and 30, respectively.
B. Results and Discussion
The proposed DNN model is well-trained. We first examine whether the DNN model in our system is well-trained.

TABLE II
T HE C ORRECT C LASSIFICATION R ATE FOR 𝑘-NN, MLE, AND THE
P ROPOSED DNN, WITH AND WITHOUT F EATURE S PACE E XPANSION AND
IN T WO T ESTING S CENARIOS
MLE
40.99%
19.99%
MLE
44.34%
23.78%

DNN
53.85%
48.87%
DNN
96.90%
88.66%

Fig. 4 plots the average (over 900 runs) correct classification
rate (CCR) of the DNN model vs. different fine-tune training
iterations. The CCR characterizes the percentage of correct
estimation by the model (i.e., the estimated number of people
is the same as the actual number of people in the environment).
As can be seen, the performance of the DNN model largely
improves with an increasing number of fine-tune training
iterations, and 400 fine-tune training iterations, as set in our
simulations, produce a well-trained DNN model.
The proposed DNN model yields higher correct classification rates. Table II compares the CCR performance of 𝑘NN, MLE, and DNN with and without feature space expansion
for two testing scenarios. The best result of 𝑘-NN among
𝑘 = 1, 3, 5, 7 is presented for each condition. As can be
seen, DNN outperforms 𝑘-NN and MLE in all conditions.
This can be attributed to the fact that, as previously stated,
the multiple layers with different numbers of anchor nodes
in the DNN model pose a similar effect of feature selection,
which mitigates the effect of environmental noises on CSI
measurements. The performance of MLE could be limited
by the fact that the measured CSI data are not necessarily
Gaussian distributed, which is the underlying assumption in
the MLE method. The table also shows that the performance of
all methods improve with feature space expansion, especially
DNN, suggesting that feature space expansion could be particularly beneficial for DNN with an inherent feature selection
capability. DNN with feature space expansion achieves a high
performance of 88.66% CCR for Scenario B, which is the
most general scenario.
The proposed DNN model using CSI features is robust
to people location variability and is highly suitable for
the indoor people counting application. Fig. 5 shows the
confusion matrices for DNN with feature space expansion in
the two testing scenarios, which illustrate the classification
distributions. The indices 1–10 of the target/output class
represent the numbers of actual/estimated people being 0–9.
As can be observed, first, there are in general more instances
of misclassification for Scenario B than for Scenario A,
resulting in a lower average CCR for Scenario B, as shown in
Table II. Second, a higher value of an off-diagonal entry for
Scenario A largely corresponds to a higher value of the same
entry for Scenario B (e.g., 0-people condition misclassified
as 2-people condition, 1-people condition misclassified as
7-people condition, 7-people condition misclassified as 9people condition, etc.), showing that the dominant cases of
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Fig. 5. The confusion matrices for the DNN model with feature space
expansion for (a) Scenario A and (b) Scenario B. The confusion matrix
shows the numbers and percentages of correct (diagonals) and incorrect (offdiagonals) classification. The cells in gray in the bottom row show the recall
of the model for each true class (i.e., the percentages of correct (top number)
and incorrect (bottom number) classification for each true class). The cells
in gray in the right-most column show the precision of the model for each
predicted class. The bottom-right cell in blue shows the average correct (top
number) and incorrect (bottom number) classification rates.

misclassification are largely consistent for Scenarios A and
B. This suggests that people locations, which are different
in Scenarios A and B, are not the key factor affecting the
classification in the DNN model, but the number of people
is. This suggests the high applicability and practicality of the
proposed DNN model using CSI features for indoor people
counting. However, the relationship between the number of

people and the measured CSI is still not fully discovered and
deserves further investigation.
V. C ONCLUSION
We have proposed an enhanced people counting system
based on the DNN model as the classifier and fine-grained
wireless signatures of CSI as the features. A three-layer DNN
was employed, with a feature space expansion scheme for
the model. The performance of the proposed system was
verified in a real indoor testbed environment. Only one Wi-Fi
transmitter and one laptop receiver were deployed. The results
showed that the proposed feature space expansion scheme can
improve the performance of various models. Furthermore, the
proposed three-layer DNN model with feature space expansion
demonstrates the highest correct classification rates of 96.90%
and 88.66% in estimating the exact numbers of the crowd of
size up to nine people, in indoor scenarios with fixed and
arbitrary locations of people, respectively.
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