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Thermal imaging cameras have firmly taken their place among the means of
computer vision. They perfectly solve tasks assigned to them and allow to create
technically and cost-effective systems. Infrared cameras have come a long way from
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very expensive devices to a wide-range product with high reliability and affordable
price, and they continue to improve every year. Currently, the main areas of
application of thermal imaging systems are wide: service and repair of printed circuit
boards, household and energy sectors, nondestructive testing of composite materials,
technical security equipment, medicine, hunting and military industry, driving.

The feasibility of using thermal imagers is determined by the peculiarities of
technical means itself. In security systems, infrared cameras are surveillance devices
that are more effective at recognizing objects than traditional video cameras. The
recognition quality with a thermal imager does not depend on the time of day. This
makes it possible to create systems for round-the-clock monitoring of the protected
object. Systems designed for security control are applicable to protect the perimeter
of airports, railways, borders, home, farm and other facilities. Analysis of the
recorded information can be automated using artificial intelligence technologies [1].

Thermal imaging equipment now provides complete and accurate behavior
analysis based on deep learning algorithms. This includes detection of events such as
line crossing, intrusion, zone entry, zone exit etc. Intelligent human / vehicle
detection can reduce false alarms caused by animals, vibration, falling leaves and
other irrelevant events or objects, greatly increasing alarm accuracy [2].

An actual and important task is to determine the architecture of a deep network,
which will allow object detection with greatest accuracy. Since modern infrared
cameras do not have a high frame rate, calculation speed of deep learning model
fades into background. However, for real-time monitoring, the data processing
frequency should not be lower than 20-25 Hz. This fact must be taken into account
when choosing a suitable model for object recognition. In addition, the task of object
detection in infrared images is complicated by the low detail of thermal imprints of
these objects, which is associated with physical features of the nature of infrared
radiation. Therefore, a deep learning model must be broadly generalizable.

To assess the quality of object detection models, the mAP - mean Average
Precision metric is used. This metric calculates the average precision for recall in the
range of O to 1 for all object classes recognized by the model. For each single class,
Average Precision is defined as the area under precision-recall curve. The higher the
value of this metric, the less erroneous recognitions model produces on test data.

One of the first models successfully applied in object detection tasks in images
was the R-CNN (Regions with CNNs) network [3]. Not the entire image was fed to
the network input, but the regions previously selected using the Selective Search
algorithm, which presumably contained some objects. A convolutional network used
to classify objects depicted in the regions. Nowadays, Faster R-CNN architecture
provides mAP value up to 35% at a data processing rate of about 15 frames per
second on MS COCO dataset [4]. Such characteristics are a relatively poor indicator
for use in thermographic systems. There is also a known modification Mask-RCNN,
which allows not only to detect objects, but also to solve the task of image semantic
segmentation.
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YOLO (You Only Look Once) network architecture has a much higher
performance [5]. Main feature: distinguishing objects in one data pass. There are no
explicit loops in the YOLO architecture, which makes the network fast. YOLO uses a
grid of predefined windows - regions in which objects are classified. On the MS
COCO dataset, modern YOLO modifications show up to 44% mAP at a data
processing rate of up to 70 frames per second [6]. Networks of this architecture are
among the fastest in the task of detecting objects. In this regard, it is recommended to
use YOLO models as part of real-time thermographic systems. Fig. 1 shows an
example of the application of the YOLOvV3 network for human and dog detection in
infrared images provided by Flir company.

Fig. 1. Person and do detection on infrared image using YOLOv3 model

EfficientNet is also promising class of new models that resulted from the study of
scaling models and balancing the depth and width (number of channels) of network,
as well as the resolution of images [7]. The authors of article propose a new
compound scaling method that scales the depth / width / resolution evenly with fixed
proportions between them. From an existing method called "Neural Architecture
Search" for automatically generating new networks and their own scaling method, the
authors derive a new class of models called EfficientNets [8]. The latest modification,
called EfficientDet, consists of EfficientNet as a base, to which a feature pyramid
layer called BiFPN is added, followed by a "standard" class / frame computation
network. This network shows mAP up to 46% at a data processing rate of about 35
frames per second on the MS COCO set [6].

Given the rapid development of deep learning, these models are relevant only at
the time of this writing. However, considered classes of deep network models have
been leaders in the field of object detection for a long time. Therefore, these models
are recommended for consideration as algorithms for infrared images processing.
Since in most of considered areas of application of thermographic systems,
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recognition accuracy is higher priority, rather than speed, EfficientDet models are of
particular interest. It should be noted that comparison of the efficiency of these
networks was carried out on a set of images of the visible light spectrum. Therefore,
the main task for further research is to compare the mentioned architectures on a set
of infrared images to obtain quantitative estimates of their work quality.

Keywords: deep learning, object detection, infrared images.
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KoHTpons CTpykTypu MaTepialiB € akTyalbHOI 3ajadero, 00 3MiHa iX
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a00 MEXaHIYHOIO BIUIMBY Ha JESKHUX JIOKAJbHUX JUISHKAX MOXE MPU3BECTH 0
MOIANBIIOT MOSABY 1e(DEKTIB 3 O3HAKAMU PYWHYBAaHHS BUPOOY.

Ha xadenpi IICHK «KIII im. Iropss Cikopcbkoro» aBropamu Oyso po3po0iieHo
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