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Abstract—Recently, wireless sensing is gaining immense at-
tention in the Internet of things (IoT) for crowd counting and
occupancy detection. As wireless signals propagate, they tend to
scatter and reflect in various directions depending on the number
of people in the indoor environment. The combined effect of these
variations on wireless signals is characterized by the channel state
information (CSI), which can be further exploited to identify the
presence of people. State-of-the-art CSI-based supervised crowd
counting systems are vulnerable to temporal and environmental
dynamics in practical scenarios as their performance degrades
with fluctuations in the indoor environments due to multipath
fading. Inspired by the breakthroughs of transfer learning and
advancement in edge computing, we have leveraged in this
work the concept of transfer learning to minimize this problem
via exploiting the trained model from source environment for
other indoor environments to perform device-free crowd counting
(CrossCount) at the target rooms. Our results show that this
technique can combat the dynamics of the environment and
achieves 4.7% better accuracy with 40% reduction in training
time as compared to conventional convolutional neural networks.
In essence, our results imply the future possibility of harnessing
crowdsourced CSI data collected at different indoor environments
to boost the accuracy and efficiency of local crowd counting
systems.

Index Terms—Crowd counting systems, channel state infor-
mation (CSI), convolutional neural networks (CNN), transfer
learning, Internet of things, cloud computing.

I. INTRODUCTION

IN the past decade, wireless sensing has gained enormous
attention owing to its wide range of applications in the

Internet of things (IoT) for indoor localization [1], user-
identification [2], crowd counting [3], and human activity
recognition (HAR) [4]. Crowd counting holds great impor-
tance in many applications such as allocating free spaces at
restaurants, bus, and train terminals to optimize customer satis-
faction. Moreover, real-time crowd counting can reduce energy
consumption in indoor buildings by automatically controlling
the air-conditioner and other electrical appliances based on
occupancy information. Besides this, an emerging interest is
being developed by different governments amid the Covid-19
situation for monitoring quarantine rules and regulations by
the deployment of crowd counting systems.

Existing crowd counting approaches can be further classified
into two sub-categories: sensor-based and vision-based count-
ing. In the case of the sensor-based approaches [5], the user is
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required to carry the sensor everywhere for accurate detection,
thus making it is intrusive. For vision-based techniques [6],
the detections are performed using video cameras which
have several constraints. First, people have potential privacy
concerns for having cameras in certain locations; therefore
such systems cannot be deployed everywhere. Second, the
problem of blind spots will hinder continuous monitoring,
which occurs due to low light conditions and non-line of
sight (NLOS) between the person and camera. Finally, image
processing of such systems requires high computation power,
which makes it cost-ineffective.

Recently, device-free monitoring has acquired popularity
due to the widespread of wireless local area networks in indoor
environments. Received signal strength indicator (RSSI) is a
MAC layer quantitative parameter that has been proposed to
address the issue of wireless crowd counting [7]. However,
the decline in monitoring may occur due to multipath fading
and environmental noises in RSSI measurements. Channel
state information (CSI) is a physical-layer parameter that
can overcome the challenges in RSSI-based monitoring. CSI
is a fine-grained signature that is sensitive to variations in
surroundings due to multipath effect [8].

Previous studies on CSI-based crowd counting systems
exploit the traditional supervised machine and deep learning
models such as support vector machine (SVM), deep neural
networks (DNN), and long short-term memory (LSTM) for
the classification of crowd. However, to the best of our
knowledge, these techniques do not take the dynamics of the
environment into account, which is significant for successful
real-time execution of CSI-based crowd counting systems in
practical scenarios. Transfer learning is a machine learning
technique adapted to learn new tasks for target domain (DT )
by transferring knowledge from already learned tasks of source
domain (DS ) [9], [10]. This helps to minimize the overall
cost via reducing the dependence on a large amount of
target domain data by transferring knowledge across domains
[11]. The need for this technique arises when the data are
dynamic in nature, and will become outdated as time passes
by [12]. Hence, with the recent advancement in deep transfer
learning, for the first time in literature, we present a device-free
crowd counting system “CrossCount” (XCount) that provides a
potential solution to the aforementioned problem by accurately
classifying humans in different indoor environments. Our
proposed system is computationally light while giving better
accuracy as compared to conventional convolutional neural
network (CNN) based crowd counting systems.

In this paper, we aim to improve the accuracy and efficiency
of crowd counting via transfer learning in CNN. We try to
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adapt the trained model for the source indoor environments
to the temporal and environmental dynamics of the target
environment, which makes XCount an ideal candidate to
implement crowd counting by leveraging indoor CSI crowd-
sourced data from intelligent devices [13], [14]. Federated
learning [15] trains a centralized cloud model by harnessing
decentralized data from distributed edge devices. Therefore,
the concept of utilizing crowdsourced data can be further
extended to establish a federated transfer learning framework
for CSI-based crowd counting.

The major contributions of this paper are as follows:
• We propose a transfer learning-based deep learning

framework to categorize the number of people in a
room by exploiting the collected CSI data and convo-
lutional neural networks (CNN). Moreover, we deploy
the proposed framework on different training sets to
empirically verify the ability of transfer learning for
accurately characterizing the number of people under
different environmental dynamics.

• We demonstrate the environmental adaptability of our
model under different conditions, which motivates the
possibility of using crowdsourced CSI data in the future
to develop a centralized federated transfer learning frame-
work for generating device-free local crowd counting
models.

• We experimentally study the limitations of this kind of
CSI-based system to provide insights into the implemen-
tation of real-time crowd counting systems.

The rest of the paper is organized as follows. In Section
II we give an overview of existing research of device-free
crowd counting systems. Section III describes our system’s
design and the proposed transfer learning technique, while in
Section IV we show the implementation of our crowd counting
system. Section V discusses the results and limitations of our
XCrowd system. Finally, in section VI we conclude the paper
and provide insights into our future work.

II. EXISTING DEVICE-FREE CROWD COUNTING SYSTEMS

Crowd counting and occupancy detection play a vital role
for various real-time purposes such as energy-saving, multi-
functional space management (e.g., restaurants, airports, and
train stations) by updating the customers regarding the avail-
able capacity. Existing studies on crowd counting and occu-
pancy detection [16], [17] mainly focus on surveillance using
cameras, which results in high deployment cost and privacy
concerns. Moreover, studies [18], [19], based on intrusive
detection requires the user to carry or wear a sensor device.
Device-free crowd counting provides a potential solution to the
drawbacks of the aforementioned techniques as these device-
free approaches only require existing WiFi infrastructure for
the classification of the crowd in an indoor environment.

Device-free crowd counting techniques can be further di-
vided into RSSI and CSI-based approaches.

A. RSSI-based crowd counting systems

The fluctuations in RSSI occur when the person moves in
the LOS of the transmitter-receiver wireless link [20]. It has

TABLE I
CSI BASED CROWD COUNTING SYSTEMS

Reference Input signal Signal processing Algorithms

[26] 20 features DWT denoising SVM

[3] Amplitude estimation PEM matrix DNN regression

[24] Phase difference FE model SVM

[25] Phase BF SVM

[27] Amplitude and phase BF DNN

[28] CSI BF LSTM network

been verified that with the addition of more people in a room,
there is more impact on wireless signals. This change helps
to recognize the number of people in a room. In studies [21],
[22], [23], researchers concluded that:

• RSSI remains at stable values when no subject is present
in the sensing area.

• RSSI reading decreases drastically when subjects enter
the area of interest.

• Increase in the number of people may block the LOS
which will result in a significant drop in RSSI readings.

Overall, RSSI-based approaches require complicated mainte-
nance and high cost as they require dense RF links to detect
the exact number of people.

B. CSI-based crowd counting systems

CSI provides fine-grained information with multiple subcar-
riers. The changes in CSI measurements due to the presence of
people in a room can be extracted to infer the number of people
in an indoor environment. Existing works on CSI-based crowd
counting systems perform different pre-processing techniques
like discrete wavelet transform (DWT), Butterworth filters
(BF) such as band-pass filter (BPF), and feature expansion
(FE) model for removing the noise from raw CSI and feeding
it into classification models.

Based on the variations in signals, authors in [3] formu-
lated a monotonic function for the relationship between CSI
fluctuations and the number of moving people in a room.
The function calculates the percentage of nonzero elements
(PEM) in the dilated CSI matrix as an input to DNN. In
[24], authors proposed a crowd counting system based on the
phase difference extraction and FE space model. The proposed
system is able to achieve an accuracy of 97% for eight classes
based on the SVM model. WiCount [25] uses the amplitude
and phase to form 180 subcarriers for the classification of
people based on three types of datasets: 1) stationary; 2) semi-
stationary; and 3) non-stationary. The classification learning
algorithm is based on a two-layered DNN. Table I summarizes
the major CSI-based crowd counting techniques.

To the best of our knowledge, most of the existing WiFi-
based crowd counting works do not consider the impact of
temporal and environmental dynamics, which play a crucial
role when implementing these systems in real-time practical
scenarios for accurate classification.
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III. PRELIMINARIES AND RATIONALES

A. Preliminaries of CSI

The infrastructure of CSI-based crowd counting system is
comprised of an access point (AP) for packet transmission and
a receiver (Rx) for CSI extraction. The AP can be any market-
available wireless router that supports 802.11n whereas the
Rx is a wireless interface that supports 802.11n with modified
firmware to extract CSI [29]. CSI is a fine-grained physical
layer measurement that represents the channel frequency re-
sponse (CFR) between the access point and the receiver by
combining the effects of signal scattering and multipath fading.
For high data transmission, most WiFi devices are equipped
with more than one transmitting and receiving antennas which
creates multiple-input multiple-output (MIMO) wireless links.
Based on orthogonal frequency domain multiplexing (OFDM),
each physical link is divided into multiple subcarriers at the
same instant, which helps to transmit more data at the same
time. The collected CSI comprises a CSI channel matrix H,
which is dependent on the total transmitting and receiving
antennas. The CSI can be expressed as:

H = [H1, H2, H3.., Hi, ..HN ]T , i ∈ [1, N ] (1)

Where N is the total number of subcarriers and T represents
the total number of wireless links between transmitter and
receiver. The received CSI contains the combined effect on
the wireless channel by the surrounding environment. This
combined effect will produce a unique pattern in the time
series of the CSI due to the multipath generated by human
motion. This CSI measurement can be represented as a 3D
matrix for a wireless system, where the complex values
provide the details of the attenuation in amplitude and phase
shift due to multipath in wireless channels. CSI of a single
subcarrier can be represented as:

Hi = |Hi|ejsin(∠Hi) (2)

where i represents the i-th subcarrier, |Hi| is the CSI amplitude
and ∠Hi is the phase angle of the CSI [30].

B. System Design and Experimental Setup

We propose to count the number of people in a room by
leveraging transfer learning in order to deal with the impact of
temporal and environmental dynamics on CSI. The framework
of the proposed system is shown in Fig. 1.

Fig. 2a and Fig. 2b show the actual setup for crowd counting
data collection in rooms BC621 and CD634 of the Hong Kong
Polytechnic University. The access point was configured at
2.4 GHz with a channel width of 40 MHz. A minicomputer
(hummingboard pro) and a laptop were connected to this
access point to develop a wireless link. The laptop was used
as a client of AP to send packets at the rate of 20 Hz to the
receiver device equipped with the network interface card (NIC)
5300. Sixteen people of different body sizes, height, weight,
gender, and age participated in this data collection for crowd
counting in the two rooms. The participants were allowed to do
anything while being seated on their chairs which means semi-
stationary movements were captured. Several combinations
were made by positioning participants in different positions to

Fig. 1. Framework of XCount.

(a) Research office BC621

(b) Conference room CD634

Fig. 2. Data collection setups for crowd counting.

capture the environmental dynamics so that the deep learning
models could be trained optimally for practical scenarios.

In the research office BC621, the access point is used
under the non-light of sight (NLOS) condition by having
a bookshelf between the transmitter and receiver. The data
collection was conducted in January 2021 and March 2021
to capture the environmental dynamics. A total of 31 seat-
ing combinations were made on the five research desks to
capture the CSI data for five classes: one, two, three, four,
and five people. CSI monochrome frames were made of the
mentioned combinations by taking 50 consecutive samples and
90 subcarriers (30 × 3 wireless links) for each combination.
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TABLE II
CONFIGURATION FOR BC621 AND CD634

Configuration BC621 CD634
Rx NIC 5300 NIC 5300
Dimensions of room 5 m by 5.75 m 6.25 m by 8.5 m
No. of Tx 2 2
No. of Rx 3 3
Time difference 2 months 1 week
Frequency Band 2.4 GHz 2.4 GHz
Packet Rate 20 Hz 20 Hz
Total combinations 32 15
Training frames 64 30
Testing frames 34 15
Classes 5 5
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Number of people

-5

0

5

10

15

20

25

30

A
m

p
lid

u
te

(d
B

)
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Fig. 3. Variations in amplitude of 30 subcarriers.

The total size of the training data matrix is thus 64 × 90 ×
50 × 1, where 64 are the total number of frames, 90 are the
subcarriers, 50 are the samples in each frame, and 1 represents
the monochrome image. To evaluate the performance of deep
learning models, 34 CSI frames were made with different files
as a testing dataset to introduce variance in the source and
target distributions.

For room CD634, the access point is placed in the line of
sight (LOS) of the receiver, and the data was collected in April
2021 with a difference of one week. A total of fifteen seating
combinations were made randomly to capture the CSI data
for five classes: one, two, three, four, and five people. For
the training dataset, a total of 30 CSI frames were formed
to train the models. Thus, the dimensions of the training
data matrix are 30 × 90 × 50, where 30 are the total CSI
frames, 90 and 50 are the subcarriers and samples, receptively.
Table II summarizes the experimental configuration for both
rooms. Fig. 3 shows the changes in the CSI amplitude of
30 subcarriers for the five classes. It can be observed from
Fig. 3 that with an addition of a person in the room, there
is a noticeable difference in the CSI amplitude due to the
multipath formed by the reflections of WiFi signals. These
variations in the amplitude of subcarriers help the learning
model to differentiate the number of people in a room even if
the people are performing semi-stationary activities.

C. Data pre-processing and synthesis

The received raw CSI from the CSI tool contains many
outliers which directly impact the training of the deep learn-
ing models. Hence, these outliers are removed by applying
linear interpolation to all samples across each subcarrier for
all classes, and feature normalization is performed for 90
subcarriers. The input of a CNN model is a time series. As
we are dealing with supervised learning, so data has to be
labeled according to the classes Ydataset ∈ Rm×5 based on
the Euclidean distance, where five represents the total number
of classes, and m represents the total number of samples in
the dataset.

D. Splitting and Shuffling of data

In order to make the training of the proposed model more
effective, shuffling of the dataset is performed by collecting
different files for every combination. The shuffled dataset is
then further split into training, validation, and testing datasets
by following the ratio 5:2.5:2.5 for data collected in BC621
and CD634.

E. Performance metrics

To provide a comprehensive performance evaluation for our
XCount system, we evaluate our proposed model based on the
following performance metrics of machine learning: accuracy,
recall, precision, error rate, training time, and F1 score [31].

F. Software

CSI data was collected using a CSI tool, and then MATLAB
was exploited for the extraction of CSI by using the codes
provided on [32]. Pre-processing and training of the models
were also performed on MATLAB on a Lenovo ThinkPad i5-
6200U CPU @ 2.30GHz, 2400 MHz.

IV. IMPLEMENTATION OF XCOUNT

In this section, we present the generic architecture of CNN
model, which is used for transfer learning. It is followed by
the discussion of how it fits our work.

A. Generic CNN architecture

CNN is a type of DNN that has at least one layer which
involves a convolutional operation. They are useful for ap-
plications that require image recognition by learning to find
objects in the input image. The CNN comprises three types
of layers. These are convolutional layers, pooling layers, and
fully connected layers. The basic functionality of the CNN
model can be divided into four main modules [33].

• The input layer of a CNN holds the pixel values of the
input image.

• The convolutional layer takes in the input (or activation
from the output of previous layers) and performs con-
volution operations based on the size of the filters. The
purpose of rectified linear unit (ReLU) activation function
is to return zero for the negative input so that only the
positive part can be returned.
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• Pooling layer is used to perform down-sampling to re-
duce the dimensionality of the input; hence it results in
increasing the computational efficiency.

• The purpose of fully connected layers is similar to that
in DNNs as they produce class scores from the activation
for classification. ReLU function is usually used between
these layers to improve the performance.

B. Why do we need CNN models for crowd counting?

Each image of a MNIST dataset [34] has the dimensions
of 24 × 24 × 1, which means the total number of neurons
required at the input layer is equal to 24 × 24 = 784. As the
size of the image increases, the neuron size increases which
makes the model computationally ineffective. As a result, there
is a requirement for deep learning models to extract features
of the input data without losing the main characteristics of
the image. Hence, CNN models serve the exact purpose as
they reduce the dimensions of the input data and extract the
required features automatically. This is helpful in the case of
using raw CSI as CNN models can automatically extract the
required features from the CSI input images.

C. CNN model for crowd counting

We design and develop a CNN model for classifying the
number of people in a room using CSI. Our proposed model
comprises 21 layers. Fig. 4 shows the layout of the number of
layers in our model. The input of the network is a monochrome
image with the dimensions of 50 × 90 × 1. Then a two-
dimensional convolutional layer is stacked with a filter size of
3 × 3 and padding of 1. Batch normalization (BN) and ReLU
activation function are used after each convolution operation
and the number of filters is increased with the order of two
with each convolutional layer.

To train the CNN network, the learning rate is set to 0.01,
weight initialization is set to “He” [35], the training batch
size is 64 and the number of epochs is 30. The training model
is optimized and updated by the stochastic gradient descent
with the momentum algorithm (SGDM) optimizer. Each frame
consists of 50 sample points which represent a mini-batch. The
overlapping between the samples of the input frames is zero.
The 30 CSI frames from room CD634 with balanced classes
are used for training. Fifteen frames are used as the validation
dataset and fifteen frames are used to evaluate the performance
of the trained model as the testing set.

D. Transfer learning model for crowd counting

We first identify the CNN model that gives the best ac-
curacy for the testing data of CD634 (source domain), and
this twenty-one-layered trained network is saved and used to
perform transfer learning on different target environments. The
weights of the lower layers (closer to input) are kept constant
by freezing the layers. For our case, freezing the weights of the
first sixteen layers gives the best results. Hence, the pre-trained
model with frozen layers is used to apply transfer learning on
the dataset of BC621. The layout of the transfer learning model
is shown in Fig. 4.

To fine-tune the last five layers of the network with the
training data of BC621 (target domain which was collected in
a different room on different day, the training parameters are
kept constant as that of the pre-trained model. The overlapping
between the samples of the input frames is zero. The 64 CSI
frames from room BC621 with unbalanced classes are used
for retraining to cover all possible seating arrangements. 34
frames are used as the validation dataset and 34 frames are
used to evaluate the performance of the model as the testing
set. The proposed transfer learning scheme is summarized in
Algorithm 1.

Algorithm 1 Algorithm for transfer learning
Input:

• CSI source dataset (DS )
• CSI target data (DT )
• Learning rate γ
• Batch size B
• Epoches E

Output: Crowd classification labels (l)
1: Initialize the weights with He initialization.
2: Train CNN model with DS .
3: Repeat the training to get the base model with maximum

accuracy.
4: Freeze the layers of the pre-trained base model.
5: Fine-tune the output layers with DT .

Additionally, we verify the adaptability of XCrowd for
different target environments by leveraging the same pre-
trained model for the CSI data collected in BC602 classroom
after nine months. In this scenario, we use 60 CSI frames
with balanced classes to fine-tune the pre-trained model, while
30 different frames with the same distribution are used for
validation and testing datasets.

V. EXPERIMENTAL RESULTS AND PERFORMANCE
EVALUATION

To visualize the test dataset attained after feature normal-
ization from rooms BC621 and CD634, we plot the t-SNE
visualizations [36] of the test data in the two-dimensional
space to observe the overlapping and scattering of different
classes and combinations. It can be seen from Fig. 5a that the
five classes are scattered over the 2-D plane due to thirty-one
different combinations. The t-SNE plot of room CD634 shown
in Fig. 5b also shows the scattering of testing data based on the
five classes for fifteen combinations. The two plots show the
massive difference in the two testing datasets, which verifies
the temporal and environmental dynamics in CSI data due to
the changes in the room and time.

We compare the performance of the two networks based on
the following parameters: average accuracy, maximum accu-
racy, F1 score, recall, error rate, training time, and precision.
Fig. 6a and Fig. 6b show the results of the two networks
based on ten iterations. As can be observed in the two
heatmaps, the average accuracy achieved for the same dataset
with transfer learning is 81.47% whereas for the simple CNN
model the mean accuracy attained is 76.764% which is 4.7%
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Fig. 4. CNN and transfer learning models for crowd counting. The upper layout shows the 21-layered CNN model, where Conv1-Conv4 layers perform the
convolution operations. After every convolutional layer, batch normalization is performed to speed up the learning process before applying the ReLU activation
function that helps to make the deep learning model more robust. The MaxPool layers after the ReLU function perform pooling operations on the feature
maps. The lower layout shows the transfer learning model for XCrowd where the weights of the first sixteen layers are pre-trained for transfer learning and
the last five layers are fine-tuned with the target domain data.
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(a) t-SNE visualization of testing data for BC621
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(b) t-SNE visualization of testing data for CD634

Fig. 5. t-SNE visualization to observe testing data in 2D.

less accurate. Moreover, the average training time for our
proposed model and the generic CNN model is 9.3 and 15.6
seconds, respectively. This huge difference in time shows that
our proposed model computationally trains 40% faster than
the CNN model and with 4.7% performance boost. We further
evaluate the performance of our dataset by exploiting a LSTM

network which is suitable for time-series data. To train the
LSTM network, the learning rate is set to 0.01 and the number
of hidden units is 100. The results are summarized in Fig.6c,
which shows that the transfer learning model outperforms both
the CNN and LSTM models in every performance metric for
the application of CSI-based crowd counting.

A. Impact of the number of layers on the transfer learning
model for crowd counting

To analyze the impact on detection accuracy by changing
the number of frozen layers for transfer learning, we change
the frozen layers from two to eighteen. The graph in Fig. 7
shows the variations in the maximum accuracy and training
time due to the changing of the number of frozen layers. It
can be observed from the graph that the maximum accuracy
and reduced training time is achieved by freezing the first
sixteen layers of the model.

B. Impact of the distance between the transmitter and receiver
and LOS/NLOS

To analyze the impact of the receiver’s distance from the
transmitter, we collected the CSI data from two receivers
placed at a distance of r1 = 5.8 m and r2 = 3.3 m from the
transmitter, respectively. The floor layout is shown in Fig. 8
for room CD634 in May 2021. To create a NLOS scenario, a
whiteboard is placed in between the transmitter and receivers.
Fig. 9a and Fig. 9b show the results for the LOS scenario with
two receivers r1 and r2. The results for the NLOS scenario are
shown in Fig. 9c and Fig. 9d.

The summary of the average accuracy for all of the four
cases is plotted in Fig. 10. It can be observed from the
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(a) Performance metrics for transfer learning

(b) Performance metrics for CNN model

Comparision of performance metrics between transfer learning and CNN model 
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(c) Comparison of performance metrics between transfer learning model and
CNN model

Fig. 6. Performance metrics for deep learning models are represented in the
two heatmaps. The values encircled in blue shows the average values of the
two models whereas values encircled in orange and black shows the best and
worst accuracy values of the two techniques, respectively.

2 4 6 8 10 12 14 16 18

Layers retrained

0

10

20

30

40

50

60

70

80

90

100

A
c
c
u
ra

c
y
 (

%
)

0

5

10

15

20

25

30

35

40

45

50

T
ra

in
in

g
 T

im
e
 (

s
e
c
o
n
d
s
)

Impact of varying layers on computation metrics

Testing accuracy (%)

Training time (s)

Fig. 7. Impact of changing layers (frozen) on accuracy and training time.

Fig. 8. Floor layout of CD634 to monitor the impact of transmission distance
and LOS/NLOS.

(a) Performance evaluation for LOS with r1

(b) Performance evaluation for LOS with r2

(c) Performance evaluation for NLOS with r1

(d) Performance evaluation for NLOS with r2

Fig. 9. Performance evaluation of XCount by changing transmission distance
in LOS/NLOS scenarios.
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graph that transmission distance and positioning of transmitter
have a significant impact on the overall average accuracy of
XCount. The results clearly indicate that the average accuracy
for NLOS is better as compared to LOS. Additionally, the
positioning of the receiver also plays a vital role in classifying
the correct number of people in the room. Therefore, by
decreasing the transmission distance, the accuracy of classifi-
cation can be improved in practical scenarios.

C. Impact of antenna selection

To determine the impact of the antenna on the average
accuracy, we conducted different experiments with the CNN
model by choosing 30 subcarriers. Fig. 11 shows the accuracy
of different antennas of receiver r1 for the LOS and NLOS
scenarios. It can be observed that the accuracy of antenna
2 is the highest under LOS condition, while the accuracy
of antenna 3 is the highest under NLOS condition. This is
because each antenna behaves differently with respect to the
motion of humans, and a slight change in the scenario could
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Impact of receiver antennae on average accuracy
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Fig. 11. Performance of three antennas for LOS and NLOS.

0 1 3 7

Number of people

-60

-50

-40

-30

-20

-10

0

R
S

S
I 

(d
B

m
)

65

70

75

80

85

90

95

100

A
c
c
u

ra
c
y
 (

%
)

Impact of number of people on RSSI and accuracy 

Fig. 12. Impact of RSSI on average accuracy.

deeply impact the accuracy of the antenna. This is the reason
that we chose 90 subcarriers that have the combined effect of
antennas for our XCount system.

D. Impact of RSSI

To evaluate the threshold of RSSI which gives the optimum
result, we carried out a number of iterations for different
classes to find the optimal threshold under the NLOS scenario
for r2. Fig. 12 shows the accuracy and range of RSSI for
class zero, one, three, and seven people in CD634. It can be
observed from the graph that as the number of people increases
in a room, the received RSSI decreases which directly impacts
the accuracy of the classification. As a result, the performance
of the model decreases with the degradation in received RSSI.
There is a significant decrease in accuracy when the RSSI
of received samples is less than -50 dBm. Hence, in practical
scenarios, the edge device can be programmed to automatically
discard samples that are lesser than the threshold to ensure the
detection accuracy of the model.

E. Impact of the number of people

To identify the limitations of our proposed system, we in-
creased the number of classes from five to eight and examined
if the transfer learning model is adaptable to the increase in
the number of people. For five, six, and seven classes, the
validation and testing data contains CSI frames for one to five,
one to six, and one to seven people in a room whereas for eight
classes, the validation and testing data contains CSI frames for
zero to seven people in the CD634 room. The average accuracy
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Fig. 13. Average accuracy for different classes.

results for both NLOS and LOS are shown in Fig. 13 for r2.
It can be observed from Fig. 13 as the number of classes
increases from five to eight, the average accuracy decreases
for both LOS and NLOS conditions, which shows that the
average accuracy of XCrowd decreases with the increasing
number of people to detect.

F. Crowd classification based on transfer learning for different
target indoor environments

We evaluated the performance of our XCrowd system for
classifying the number of people in BC621 with unbalanced-
NLOS classes. The confusion matrix for this scenario is shown
in Fig. 14a. The result shows that our XCrowd model is
able to classify “one-person”, “two-person”, “three-person”
and “five-person” cases with 100% accuracy whereas for
the “four-person” class, the model may mis-regard it as the
three-person class with a 20% chance, leading to an overall
average accuracy of 96%. To further validate the performance
of XCrowd, the model is evaluated for the balanced-NLOS
CSI data at a classroom BC602 with the dimensions of 5.4
× 4.2 m2. The layout of this target indoor environment is
totally different from the source CD634 meeting room. The
result is shown in the confusion matrix in Fig. 14b, and the
overall average accuracy is 93.4%. These results demonstrate
that our proposed model can accurately count the number of
people in different target indoor environments, which can be
further extended for energy-saving and quarantine applications
to monitor the presence of human activity in an indoor
environment”.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have leveraged transfer learning to adapt
the temporal and environmental dynamics of CSI for a crowd
counting system (XCrowd). To evaluate the performance of
the proposed model, we have collected CSI data that cor-
responds to different number of people using the CSI tool
installed on readily available NIC 5300 and hummingboard
pro devices. We have analyzed the results using various
performance metrics, and our experimental results indicate that
our proposed transfer learning model is 40% computationally
lighter and 4.7% more accurate as compared to conventional
CNN models. We have further identified the limitations of
the system by exhaustively evaluating XCrowd under many
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Fig. 14. Crowd classification by XCount for different indoor environments

practical scenarios such as increasing the distance between the
access point and receiver, LOS or NLOS scenarios, increasing
the number of output classes from five to eight, studying
the relationship between RSSI and average accuracy, and the
impact of antenna selection on the accuracy of XCrowd.

Since our XCount framework is computationally efficient
and can adapt to the dynamics of the environment with
high accuracy, local models can be further enhanced via
harnessing crowdsourced CSI data collected from different
intelligent devices at different locations. This will facilitate
the development of a federated transfer learning framework
for device-free crowd counting in practical scenarios.
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