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Abstract. In this work, we describe a classification of five sport-related
human activities which are sensed by a thermal vision sensor. First, we
have collected several sport sessions of an inhabitant while developing:
push-ups, sit-ups, jumping jacks, squats and planks. Second, we develop
an ad-hoc augmentation of data to increase the sturdiness of the data
collection and reduce overfitting. Third, a Deep Learning model has been
evaluated to compute a sequence of images from the user in order to esti-
mate the activity. A CNN extracts relavant features from spatial domain
and LSTM network models the sequence of images to compute the final
classification. The results show an encouraging performance and quick
learning capabilities.
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1 Introduction

Monitoring of human activities by sensor devices is a a prolific and expanding
field of research. [18]. Internet of Things (IoT) [1] has been extended the applica-
tions of Human Activity Recognition (HAR) by the deployment of multi-modal
sensors [22]. At the beginning, binary sensors were proposed as low-cost devices
to sense HAR in a low invasive way [13]. While in the 2010s wearable devices
provided human perspective tracking, enabling support for health monitoring
[15] and gesture recognition [16]. In addition, vision sensors have been proposed
as multimodal devices together with audio sensors [17] to analyze the pattern
recognition of inhabitants [26]. Based on the intrinsic privacy concerns of visible
spectrum devices [19], thermal vision sensors have been proposed because they
offer a high degree of privacy [19].

On the other hand, new trends on Deep Learning have developed the current
state-of-the-art in HAR [21]. On wearable devices, Deep Learning has provided
encouraging results in monitoring physical activity and human activities in sev-
eral benchmarks [25]. In addition, conventional devices such as binary sensors,
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have enabled a very high performance in the fusion of fuzzy logic and Deep
Learning models [13]. In the end, DL models have found an encouraging source
in vision sensors, where data collection, preprocessing methods, feature extrac-
tion, and training process are exhaustively achieved by various convolutional
neural network (CCN) [3] approaches.

In this work, we present a case study where thermal vision sensors and
sequence Deep Learning models are integrated to classify sport-related human
activity:

– Integration of a thermal device: FLIR Lepton camera connected on a Rasp-
berry Pi that configures an IoT thermal vision sensor with data collection,
distribution and computational capabilities.

– A Deep Learning model based on Convolutional Neural Networks (CNNs) and
short-term memory (LSTM) is proposed to extract spatio-temporal features.

– A real-life case study is collected, evaluated and analyzed. A classification of
five sport-related human activities (push-ups, sit-ups, jumping jacks, squats
and planks) developed by 3 sessions are sensed by a thermal vision sensor.

The remainder of the paper is organised as follows: In Sect. 2, we review
related works and methodologies; in Sect. 3, we describe the devices, architecture,
and methodology of the approach; in Sect. 4, we present the results of a case
study; in Sect. 5, we detail our conclusions and ongoing works.

2 Related Works

The use of sensors in different applications, such as, health and activity recog-
nition are rapidly increasing worldwide since the last few years [4]. In fact, the
emergence of thermal vision sensors has been a crucial change in activity recogni-
tion due to is an excellent approach to preserve privacy and non-invasiveness [7].
However, most of the scientific literature makes use of visible spectrum sensors,
as extensive progress has been made in multimedia data analysis using Deep
Learning [9]. Despite the high performance obtained through the use of visible
spectrum sensors, indoor privacy is a recurring concern for users [5]. Whenever
vision sensors are used, it is crucial that the user feels safe and comfortable with
the environment, so that they can go about their daily activities without dis-
comfort [10]. For this reason, in this work an IoT device based on thermal vision
sensor has been proposed. In addition, the thermal vision sensor is robust to light
and shadow problems which are presented in visible spectrum cameras [8]. The
performance of these sensors has been highlighted in recent works for properly
sensing data on pose classification [5,6], activity classification, fall detection and
presence detection.

Going deeper in monitoring sport-related activities, which is the field on
which this work focuses, several recent studies highlight. In [20], sequences of
images were associated with a specific sport, such as hockey, through videos
recorded with visible spectrum cameras using 3D CNNs. On the other hand,
we found another specific systems [24] for real-time sports analysis based on
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motion and vision sensor integration such as tennis. However, few studies have
classified general-purpose activities. We highlight the work for general-purpose
recognition of sport activities [14], which identifies human behaviours by sil-
houette detection, body parts model and multidimensional cues from full-body
silhouettes and an entropy Markov model. Last, we note that there is a lack
of scientific proposals in which thermal vision sensors have been integrated for
recognition of sport-related activities, highlighting in this topic the proposal in
[6], an IoT-based privacy-preserving yoga posture recognition system employing
a deep convolutional neural network and a low-resolution infrared sensor-based
wireless sensor network.

Considering the challenge of sports classification and the recent success of
CNNs in solving vision problems, the use of these deep learning models is the
method that tends to work best [12]. In fact, the authors of [20] implement a 3D
CNN based multi-label deep HAR system for multi-label class-imbalanced action
recognition in hockey videos, as mentioned above. Due to their effectiveness in
broad practical applications, LSTM networks have received extensive coverage
in scientific journals and recent papers, as reported by the authors in [24], where
they propose a long short term memory (LSTM)-based framework to integrate
movement and vision data for training and classification. This work combines the
use of 3D CNN with LSTM network model to increase accuracy by extracting
only the important spatio-temporal features for each image sequence.

3 Materials and Methods

To introduce this section, we first describe the IoT device to collect data using
a thermal device. Second, we detail the representation of sequence of data col-
lected, pre-processing with data augmentation. Third, a deep learning model
with CNN+LSTM is proposed.

3.1 IoT Thermal Vision Sensor

The collection of images from the thermal domain has been carried out through
an IoT device consisting of a thermal vision sensor connected to a low-cost
IoT board (Raspberry Pi 4). The thermal vision sensor is FLIR Lepton 3.5,
integrated with the PureThermal 2 Smart IO Module. This device is
notable for its high image resolution (160× 120 pixels) despite its minimal size
(much smaller than a coin), shown in Fig. 1. In addition, the images it captures
are accurate and correctly calibrated as it is a high quality Long Wavelength
Infra-Red camera. It is available for around €350.

The script developed in Python and executed through the Raspberry Pi
makes a direct connection with the thermal vision sensor, requesting the capture
of frames every 2 s. This allows for greater data collection and more naturalistic
conditions.
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Fig. 1. PureThermal 2 Smart I/O Module + FLIR Lepton 3.5

3.2 Data Collection and Augmentation

In this section we describe the definition of sequence from thermal vision streams.
Following a formal definition, a sensor s collects real-time data in the form

of a pair si = {si, ti}, where si represents a given measurement and ti the
timestamp. In the case of a vision sensor, si is composed of a matrix of values of
dimension WxH, where si[x][y], x ∈ [0,W ], y ∈ [0,H] represents the heat spot
collected by the thermal sensor at position (x, y).

Thus, the data stream of the sensor source s is defined by Ss = {s0, . . . , si}
and a given value at a timestamp ti by Ss(ti) = si. From the data stream Ss, we
define the size of a temporal sequence T which segments the stream to obtain a
sequence of previous values S∗(t∗) for each time point t∗:

S∗(t∗) = {Ss(t∗ − T ) → Ss(t∗T − 1) → . . . → Ss(t∗)}
This S∗(t∗) represents the sequence of images which is computed by the DL

model proposed here. In Fig. 2, we present an example of sequence of frames for
t∗ = 5, T = 5,W = 160,H = 120 in real conditions.

CNN learning needs a large amount of data [23], so we extend the number of
learning cases from a limited set [2] and therefore, improving performance and
reducing over-fitting [11].

We have developed an application to augment and enlarge (AAE) image data
from the original dataset, collected by ACL through translation, rotation and
scale transformations:

– Translation. The original image is relocated within a maximal window size
[tx, ty]+ using a random process which generates a random translation trans-
formation [tx, ty], tx ∈ [0, t+x ], ty ∈ [0, t+y ].
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Fig. 2. Example of sequence of frames for t∗ = 5, T = 5,W = 160, H = 120 in real
conditions

– Flipping The image is flipped horizontally in a random process that applies
the transformation to a percentage of F cases.

– Rotation. A random rotation is defined by a maximal rotation angle α in a
random scale s ∈ [1 − s+, 1 + s+].

– Scale. A scale factor s+, which generate a random scale s ∈ [1 − s+, 1 + s+].
– Pixel alteration. Each pixel si[x][y] is modified by a threshold defined by δ

using a normal distribution N(μ = si[x][y], δ.

In Fig. 3, we show an example of data augmentation with [tx, ty]+ =
[−15, 15], F = 0.5, α = 5◦, [1 − s+, 1 + s+] = [0.8, 1.2], δ = 0.05.

Fig. 3. Example data augmentation in two sequence of frames in real conditions.
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3.3 DL Model for Learning from Image Sequences

Our proposed DL model to compute the sequence of frames collected by the ther-
mal sensor is detailed in this section. Furthermore, as described in the “Related
work” section, a suitable configuration for the extraction of spatial temporal
features is the combination of CNN and LSTM.

First, CNNs are included to develop an automatic feature extraction for
spatial information in the thermal frame values si[x][y]. A CNN with 7 lay-
ers of 2D convolutions is included. Each 2D convolution layer is defined by
Conv2D(K,S,ST), where K defines the number of kernels, S the size of the con-
volution and ST the stride, whose stride = 2 value reduces the size from the
input matrix to half size in the output matrix. Rectified linear unit activation
function (ReLU) is also included in the inner layers to overcome the vanishing
gradient problem and improve learning performance. In Fig. 4, we describe the
CNN model proposed in this work.

Next, a LSTM network models the temporal sequence of spatial features
extracted by the CNN for each frame. A 2 layers LSTM is integrated together
with two dense multilayer perceptron-based layers which configure the final out-
put of the neural network. In Fig. 4, we describe the temporal modelling of the
DL model and the integrated CNN+LSTM model. Cross-entropy was defined as
loss function that optimizes the Neural Network weights using the adam method
optimization, which is a stochastic gradient descent for training deep learning
models.

4 Case Study

In this section, we present the results obtained from a case study developed in
real time in a real environment. The case study includes 3 scenes of a partic-
ipant while performing sport-related human activities. Specifically, the partici-
pant performs push-ups, sit-ups, jumping jacks, squats and planks in one minute
in sessions of 5–6 minutes duration. The developed dataset contains a total of
2089 images (without data augmentation).

The thermal sensor collected the image sequence at 2 FPS. Next, an external
observer labelled the start and the end of each exercise. For learning purposes, a
leave-session-out cross-validation is applied, where one of them is used for testing
and other for learning the model.

First, we define T = 5 (2.5 s) as the number of frames which determines the
input sequence for the model. The time-step between sampling data is defined
to 1 s (exiting partial overlapping of data between consecutive sequences).

We have highlighted fast data collection, so data augmentation method is
included (as described in Sect. 3.2). i) Translation is set to [tx, ty]+ = [−15, 15],
ii) flipping percentage is set to F = 0.5, iii) maximal rotation is set to α = 5◦, iv)
scale of image is set between [1−s+, 1+s+] = [0.8, 1.2] and v) pixel modification
is configure as standard deviation to δ = 0.05.
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Fig. 4. Left) CNN model defined by Conv2D and ReLU layers. Top) LSTM and dense
layers for final output configuration. Down) Representation of CNN+LSTM model.

4.1 Results

In this section, we describe the results thrown by the evaluation of the DL
model proposed and data collected by the thermal sensor. The DL model has
been configured with a batch size of 64 and a short learning of 10 epochs. The
learning time in a iCore 17 16 GB RAM was 25 min. In Fig. 5, we show the
confusion matrix and in Table 1 we describe accuracy, f1-score, precision and
recall for each testing session.
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Fig. 5. Confusion matrices in training (left) and evaluation (right) for each scene
shown in order: Top) Scene 1, Middle) Scene 2, Bottom) Scene 3.

As we observe from the data, the results are encouraging for learning in a
straightforward way with a excellent accuracy. We note the training metrics are
worse than testing metrics due to the impact of data augmentation in generating
hard learning samples for learning purposes. However, it develops a sturdy model
for evaluation purposes.

The data and source code developed in this work are available on GitHub:
://.com/AuroraPR/Sport-Related-Thermal
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Table 1. Classification metrics from training and validation of scenes 1, 2 and 3

Scene 1

Training Validation

Precision Recall f1-score Support Precision Recall f1-score Support

0 0.99 1.00 0.99 321 0 0.98 1.00 0.99 59

1 1.00 1.00 1.00 399 1 1.00 1.00 1.00 56

2 1.00 1.00 1.00 315 2 1.00 1.00 1.00 56

3 1.00 1.00 1.00 291 3 1.00 1.00 1.00 93

4 1.00 0.99 0.99 297 4 1.00 0.98 0.99 58

Accuracy 1.00 1623 Accuracy 1.00 322

Macro avg 1.00 1.00 1.00 1623 Macro avg 1.00 1.00 1.00 322

Weighted avg 1.00 1.00 1.00 1623 Weighted avg 1.00 1.00 1.00 322

Scene 2

Training Validation

Precision Recall f1-score Support Precision Recall f1-score Support

0 0.91 0.98 0.94 333 0 1.00 1.00 1.00 55

1 0.99 1.00 1.00 336 1 1.00 1.00 1.00 77

2 1.00 1.00 1.00 318 2 1.00 1.00 1.00 55

3 1.00 1.00 1.00 447 3 1.00 1.00 1.00 41

4 0.98 0.89 0.93 303 4 1.00 1.00 1.00 56

Accuracy 0.98 1737 Accuracy 1.00 284

Macro avg 0.97 0.97 0.97 1737 Macro avg 1.00 1.00 1.00 284

Weighted avg 0.98 0.98 0.98 1737 Weighted avg 1.00 1.00 1.00 284

Scene 3

Training Validation

Precision Recall f1-score Support Precision Recall f1-score Support

0 1.00 0.99 1.00 342 0 1.00 0.98 0.99 52

1 1.00 1.00 1.00 399 1 1.00 1.00 1.00 56

2 1.00 1.00 1.00 333 2 1.00 1.00 1.00 50

3 1.00 1.00 1.00 402 3 1.00 1.00 1.00 56

4 0.99 1.00 1.00 342 4 0.98 1.00 0.99 43

Accuracy 1.00 1818 Accuracy 1.00 257

Macro avg 1.00 1.00 1.00 1818 Macro avg 1.00 1.00 1.00 257

Weighted avg 1.00 1.00 1.00 1818 Weighted avg 1.00 1.00 1.00 257

5 Conclusions and Ongoing Works

In this work, we have presented a Deep Learning model for processing thermal
sequences of images to classify sport-related human activities. A configuration
of CNN for extracting spatial features is integrated in a LSTM network which
process the temporal dimension of the sequence to achieve excellent results.

A case study was collected with 3 sessions of 5 exercises: push-ups, sit-
ups, jumping jacks, squats and planks. The data was augmented to extend the
dataset, reduce overfitting and generate a robust model to noise and uncertainty
in evaluation stage.

The encouraging performance of CNN+LSTM to classify human activities
encourages the creation of a larger dataset. In this initial work, a single inhabi-
tant and location is collected, but in future works we will focus on a multi domain
and participant collection, where transfer learning, clustering and methods for
pre-processing data will show new challenges to face.
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2. Cireşan, D.C., Meier, U., Masci, J., Gambardella, L.M., Schmidhuber, J.: High-
performance neural networks for visual object classification. arXiv preprint
arXiv:1102.0183 (2011)

3. Dang, L.M., Min, K., Wang, H., Piran, M.J., Lee, C.H., Moon, H.: Sensor-based and
vision-based human activity recognition: a comprehensive survey. Pattern Recogn.
108, 107561 (2020)

4. De-La-Hoz-Franco, E., Ariza-Colpas, P., Quero, J.M., Espinilla, M.: Sensor-based
datasets for human activity recognition-a systematic review of literature. IEEE
Access 6, 59192–59210 (2018)

5. Gochoo, M., Tan, T.H., Batjargal, T., Seredin, O., Huang, S.C.: Device-free non-
privacy invasive indoor human posture recognition using low-resolution infrared
sensor-based wireless sensor networks and dcnn. In: 2018 IEEE International Con-
ference on Systems, Man, and Cybernetics (SMC), pp. 2311–2316. IEEE (2018)

6. Gochoo, M., et al.: Novel IoT-based privacy-preserving yoga posture recognition
system using low-resolution infrared sensors and deep learning. IEEE Internet
Things J. 6(4), 7192–7200 (2019)

7. Griffiths, E., Assana, S., Whitehouse, K.: Privacy-preserving image processing with
binocular thermal cameras. Proc. ACM Interact. Mob. Wearable Ubiq. Technol.
1(4), 1–25 (2018)

8. Han, J., Bhanu, B.: Human activity recognition in thermal infrared imagery. In:
2005 IEEE Computer Society Conference on Computer Vision and Pattern Recog-
nition (CVPR 2005)-Workshops, p. 17. IEEE (2005)

9. Hiriyannaiah, S., Akanksh, B.S., Koushik, A.S., Siddesh, G.M., Srinivasa, K.G.:
Deep learning for multimedia data in IoT. In: Tanwar, S., Tyagi, S., Kumar, N.
(eds.) Multimedia Big Data Computing for IoT Applications. ISRL, vol. 163, pp.
101–129. Springer, Singapore (2020). https://doi.org/10.1007/978-981-13-8759-3 4

10. Kong, X., Meng, Z., Meng, L., Tomiyama, H.: A privacy protected fall detection IoT
system for elderly persons using depth camera. In: 2018 International Conference
on Advanced Mechatronic Systems (ICAMechS), pp. 31–35. IEEE (2018)

11. Krizhevsky, A., Sutskever, I., Hinton, G.E.: Imagenet classification with deep con-
volutional neural networks. Adv. Neural Inf. Process. Syst. 25, 1–9 (2012)
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