DOI 10.5162/sensoren2024/A1.3

Differentiation of Humans and Robots with Thermal Images
and Convolutional Neural Networks for Human-Robot
Collaboration

Sinan Stime’', Katrin-Misel Ponomarjova’, Thomas M. Wendlt', Stefan J. Rupitsch?

'Offenburg University of Applied Sciences, Work-Life Robotics Institute, 77652 Offenburg, Germany
2University of Freiburg, IMTEK - Department of Microsystems Engineering, 79110 Freiburg, Germany

Abstract

This paper introduces the use of convolutional neural networks to detect and classify humans and
robots in Human-Robot Collaboration workspaces based on their thermal radiation power. The
measurement setup includes an infrared camera, two cobots and up to two persons walking or
interacting with the cobots in industrial settings. The chosen architectures are the YOLOv5 and
YOLOVS8 in different model sizes. The results are promising, showing real-time object detection in
industrial settings with up to 303 fps with the YOLOv8n model. YOLOv5m achieves the best mAP50
result at 99.2% and the YOLOv5m achieves the best mAP50-95 at 85.8%.
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Introduction

As collaborative robots (cobots) become more
prevalent in production, it is expected that
humans and robots will be able to work
together without compromising efficiency or
safety [1]. The ISO/TS 15066 describes four
types of safe collaborations between robots
and humans [2]. The focus of this research is
on speed and separation monitoring and the
safety-rated monitored stop. Another emerging
trend is the use of autonomous mobile robots
(AMR) with potentially mounted cobots for
dynamic and collaborative workspaces. Some
of the challenges in the use of AMRs are
dynamic obstacle avoidance and autonomous
navigation and path planning [3]. Differentiating
between humans and robots can lead to
increased safety and efficiency in collaborative,
dynamic and smart workplaces. Robots must
slow down or stop in a dangerous situation
when humans are approaching. In the case of
approaching AMR, Automated Guided Vehicle
or another robot in multi-robot applications,
there is, however, no need to slow down or
even stop. Consequently, it is important to
know the features of a human so a
distinguishment between a robot, a human or
other objects is possible. This contribution
deals with the possibilities of the detecting
humans and cobots in  collaborative
workspaces  with  Convolutional  Neural
Networks (CNN) based on their thermal
radiation power.
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Related Work and Motivation

Fraden [5] gives an overview of methods to
detect human presence. One promising
approach is to measure the thermal radiation
of humans. Earlier work [4] proved that infrared
sensors with low resolution (32 x 32 px) are
capable of detecting a human in infrared
images with the use of the CNN GooglLeNet
and MobileNetV2 with up to 99.48% accuracy.
Interfering heat sources were not considered
which can lead to distortions in human
detection results.

Materials and Methods

In order to capture environmental information
regarding thermal radiation, an infrared sensor
or camera is required. The camera used to
collect the data and detect the presence of
cobots and humans is the FLIR-Camera T440.
The features of the infrared camera are
presented in Tab. 1. Training and testing of the
utilized CNN was performed on Windows 10.
The computer has a 10-core CPU, 64 GB of
main memory and an Nvidia RTX3080 with an
integrated GPU memory of 12 GB. The focus
of the detection algorithm will be on the YOLO
architectures. The YOLO architectures deliver
the best overall results in accuracy and
inference speed [6].

The proposed detectors are the YOLOv5S and
YOLOvV8 architectures, which are single-stage
object detection algorithms, intended for real-
time applications.
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The model sizes of the networks chosen for
comparison are the between nano (n), small
(s), and medium (m) size of both YOLO
versions. Real-time applications have to
consider the tradeoff between higher accuracy
rate of larger architectures and faster
processing with smaller architectures [7].
Instead of pretrained models on a dataset, we
took default YOLO parameters. The training
itself lasted 50 epochs. The dropout as well as
the erase function were set to 80%, to prevent
overfitting. A fixed seed allows to compare the
test results across the models.

Table 1: List of features of the T440-Camera.

Features Value
Frame rate 60 Hz
Resolution 320 x 240 px
Field of view 25°x19°
Thermal sensitivity at 30° C | 0.045 °C
Spectral range 7.5-13 ym

Measurement Setup

As shown in Fig. 1, the infrared camera was
placed at a distance of 10 m. This enables to
capture a wide range of different interactions
between the humans and cobots.
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Figure 1: lllustration of the measurement setup
with two humans in the interaction
area.

The interaction area has a length of 4.5 m and
a width of 4m. The experimental setup
includes two cobots and up to two humans in
one image. The cobots used in the setup are
the KUKA LBR iiwa 7 (R2) and the KUKA LBR
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iiwa 14 (R1). Both KUKA models differ in size,
payload and the R2 has the handguiding
functionality. Handguiding enables
manipulating the cobot by applying force to the
flanch of the cobot. In this research, we
exploited the handguiding function to simulate
the interaction between the human and the
cobot, as shown in Fig. 2. The data contains
different scenarios, which includes a person
walking in the interaction area, two persons
walking and interacting differently with the
cobots and handguiding the R2. While moving,
the persons can leave the scene in lateral
directions, to create partially visible body parts
or occluded images of persons or cobots. The
cobots were moving while the persons were
walking. The environment temperature during
the measurement was between 21.5°C and
22.9°C. The humidity was 37% and the
ambient lighting in the interaction area was
between 908 Ix and 1381 Ix.

Figure 2: Infrared image in industrial settings
with two cobots, moving human (left)
and human cobot interacting (right).

Data Preprocess

The first step of data preprocessing was to
convert the video-stream based on the
temperature value into grayscale. The
procedure of generating grayscale images
from colored images decreases the information
to process for the model, which can lead to
faster training and prediction times. The
transformation into grayscale should be
considered only, if the colorization is irrelevant
for the classification [8]. In this case, the use of
the radiation power for the detection does not
differ between the classes or contribute to the
differentiation between cobots and persons in
a specific way. The frames of the infrared
video stream were extracted.
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One frame was extracted every second of the
video stream with a Python script, which led to
a total sum of 3083 images. The images were
labeled with the classes “person” and “robot”
and split randomly into 70% training, 20%
validation and 10% test data as shown in
Tab.2. Data augmentation methods like
cropping up to 30%, blurring up to 4.5 px and
adding noise with up to 1.9 px were employed.
These methods quadrupled the number of the
training data to 4536 images and helps
preventing overfitting. The datasets were
resized before employing the model from the
original resolution from the FLIR camera to
640 x 640 px to save processing time.

Table 2. Distribution of the dataset into training
validation and test sets.

. No. No. images after
Data split | . .
images | data augmentation
Train 1134 4536
Validation 1300 1300
Test 649 649
Total 3083 6485
Metrics

The metrics in this paper are precision, recall,
average precision (AP) and mean average
precision (mAP) to evaluate the accuracy of the
models on the test data. The precision P can
be calculated by (1) and the recall Rby (2). P is
the capability of a model to identify the relevant
object and determines the percentage on
correct positive predictions. R defines the
percentage of correct predictions based on all
ground truths. The confidence-threshold value
defines the number of predictions the model
makes. A higher threshold leads to less
predictions and so the model tends to have a
higher P value, while the R value tends to
decrease and vice versa [9].

True pos

F = (1)

True pos + False pqs

True pos

R= 2)

" True pos T False peq

The metric of the intersection over union (I0U)
allows to determine when a prediction of a
bounding box is correct. The 10U overlays the
predicted bounding box B, on the ground truth
bounding box By and divides the intersection
area by the area of both boxes, as shown in

area (B, N B
10U = M ) (3)
area (B, U By;)
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If the value is above a certain threshold, then
the prediction will be defined as true positive.
So the given threshold to define whether a
prediction is correct or not has to be stated [9].
The mean average precision (mAP) is used to
describe the average precision over all classes
as in (4), while N describes the number of
classes and AP;: is the average precision of the
i-th class[9]. For example, the mAP50 is the
AP of all classes at an I0U of 50, while the
mMAP50-95 varies the threshold of IOU between
50 and 95 in incremental 5% steps.

1 N
mAP = N 1APi (4)

i=

The evaluation of the real-time capability
combines the  pre-processing  (procpre),
inference and post-processing (procpos:) time
and will be calculated for each model with the
test dataset in FPS (frames per second), as
shown in

1000
FPS =

" procpre + inference + procpgst’ (®)

Results

The trained models have been deployed on the
unseen test dataset to make predictions and
the results are available in Tab. 3. Fig.3
illustrates the prediction of the YOLOv5n.
YOLOvV5n has the best P value with 98.8%.
The best R value is achieved by the YOLOv5m
with 97.4%. The highest mAP50 value is
99.2% accomplished by the YOLOv5m and
YOLOvS8s. As for mAP50-95, the medium size
models achieve the highest value, where the
YOLOvSmM (85.8%) is slightly higher as the
YOLOv8m (85.6%). As for FPS, the lowest
result was reached by YOLOv8m with
117.6 fps. The highest result was achieved by
YOLO8n with 303 fps.

Discussion

The YOLOv5 and the YOLOvV8 architectures
show similar results, with high values for all
metrics. We applied various augmentation
methods, dropout, and erasing techniques
during training to avoid overfitting. The high
performance can mainly be attributed to the
model’s ability to differentiate between the
distinct features of humans and robots based
on their infrared radiation intensity. The
difference between the results of these
architectures is mainly in the frames predicted
per second. YOLOv8n surpassed all other
architectures, while the larger models showed
reduced FPS.
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Table 3: Results of the different architectures and models on the test dataset.

. . [ mAP | AP AP
Model | P R | MAP50: | APS0: | APS0: | 55 g5 | 50.95. | 50-95: | FPS
All Robot Person
All Robot | Person

YOLO
90 | 0988 | 0956 | 0991 | 0993 099 | 0839 | 0836 | 0841 |217.4
Y‘?5"s° 0982 | 0945 | 0987 | 0993 | 0981 | 0849 | 0858 | 084 |232.6
Yv%'r'no 0984 | 0974 | 0992 | 0993 | 0991 | 0.858 | 0.857 | 0.859 | 144.9
Y\%';Io 0975 | 0965 | 0989 | 0992 | 098 | 0.848 | 084 | 0855 | 303.0
Y\%"so 0971 | 0969 | 0992 | 0.993 099 | 0.848 | 0854 | 0843 | 222.2
Yv%'r'no 0982 | 0972 | 0.991 0.99 0993 | 0.856 | 0.847 | 0866 | 117.6

industrial environments. Recordings can be
made at different temperature ranges and at
different ambient temperatures. After some
additional refinement, it could be conceivable
to implement such a model in real-time
detection tasks in industrial environments.

-

person 0.91

Figure 3: Results of the prediction with the
YOLOv5n model, detecting occluded
person and interacting person and
both cobots in different poses.

Conclusion and Future Work

The paper’s approach to differentiate between Figure 4: Results of the prediction with the
human and robots in a collaborative workspace YOLOv5n model, wrongly detecting
explorative results provide a foundation for a .

more general differentiation in industrial Literature
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