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Fig. 1: Gonioreflectometer setup on an optical table in
a dark room: a) Thermal imaging camera b) Rotary
tables c) Sample holder d) Optical chopper e)
Integrating sphere with an aperture

radius as the exit port around the specular re-
flection center θi = θo is defined and the average
radiance is taken as Lo(θi, θo), which is weighted
by cos (θo) to account for the projected solid an-
gle.

Results
The BRDF measurements of sandblasted steel
(Fig. 2) and sandblasted aluminium (Fig. 3)
for three different camera angles are presented
here. Both show typical behaviour of diffuse re-
flecting surfaces. Sandblasted steel also has a
specular component, especially recognizable for
θo = 20◦, 40◦. For θo = 60◦ the specular peak
is less noticeable because of the rise of the dif-
fuse BRDF component for growing detector an-
gles. The measured BRDF with diffuse scatter-
ing properties show physical plausibility.

Conclusions
A measurement device was built for BRDF mea-
surements in thermal infrared. The measure-
ment procedure was described. First results
were shown. The measurement device has to
be validated by a sample with known BRDF and
the uncertainty has to be analyzed. It must be
tested for which surfaces emission values can be
determined.
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Fig. 2: BRDF measurements of sandblasted steel for
θo = {20◦, 40◦, 60◦} with visible specular peaks.
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Fig. 3: BRDF measurements of sandblasted
aluminium for θo = {20◦, 40◦, 60◦}.
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Summary: A computationally highly efficient Computer Vision algorithm for detecting and tracking persons in
low-resolution infrared images is introduced an its performance compared to a Deep Learning model in a case
study.
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Motivation
The progress made in Computer Vision during
over the last two decades can mainly be at-
tributed to the development and application of
very complex models, which require virtually un-
limited amounts of data as well as the employ-
ment of massive resources (storage, egenery,
time, money) . Applicatons which pose restric-
tions on the availability of any of these resources
(e.g. low-cost solutions, edge-computing appli-
cations, application on data from non-ubiquotus
sensors) can not benefit from the progress
made. Therefore, for some applications the de-
velopment of highly tailored Computer Vision so-
lutions is still necessary. Such a solution is pre-
sented in this work.

Introduction
Object Detection is one of the main tasks in com-
puter vision. Its comprises the correct classifica-
tion and localization of an instance of a semantic
class in a digital image or video [1]. Localiza-
tion is typically performed by drawing a bound-
ing box as close as possible around the de-
tected instance. Object recognition, as opposed
to object detection, merely detects instances of
a class, but does not necessarily provide their
location. Object tracking is the task of track-
ing an identified instance of a class as it moves
through the image plane from frame to frame.
Since this entails an initial identification of an in-
stance and some sort of re-identifaction in sub-
sequent frames, object tracking usually presup-
poses object detection. Object detection algo-
rithms, henceforth referred to as detectors, can
be roughly divided into two classes [2]:

• Two-Stage Detectors work in two consecutive
stages: A region proposal stage and a clas-
sification stage. During the first stage an al-
gorithm identifies regions of interest (RoI) in
an image that may contain an object and in
the second stage these proposed regions are

evaluated by one or multiple classifiers on
whether they contain an instance of the

• One-Stage Detectors process the whole im-
age in a single step by dividing it into a grid
of cells and trying to detect objects centered in
each of the cells.

In theory, One-Stage Detectors should provide
more accurate results than Two-Stage Detectors,
since they can be trained end-to-end. This is not
possible with Two-Stage Detectors, since pro-
posal generator and classifier are two seperate
models. In practive however, Two-Stage Detec-
tors surprisingly outperform One-Stage Detec-
tors [3, 4]. While Two-Stage detectors can be
realized using computationally very efficient tra-
ditional Computer Vision methods, One-Stage
detectors are exclusively Deep Learning mod-
els. As such they need large amounts of training
data (millions of datapoints) to achieve satisfac-
tory performance as well as powerful hardware
to process a frame in a reasonable amount of
time [2].

To give even a brief overview over the current
state of the art of tracking algorithms would ex-
ceed the scope of this article. Nevertheless it
should at least be mentioned, that a detector can
be extended of even be converted to become a
Tracktor [5], i.e. a detector with tracking capabil-
ties.
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Fig. 1: Processing steps of a Two-Stage Detector.
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Fig. 2: Processing steps of the LRI-Tracktor.

LRI-Tracktor: A Person Detection and Track-
ing Procedure for Low-Resolution Infrared
Sensor Arrays
Due to the higher accuracy and the possibility to
employ computationally efficient traditional Com-
puter Vision methods it was decided to devel-
oped a Two-Stage Detector specifically tailored
to low-resolution infrared images. To this end, for
each of the processing steps in Fig. 1 a method
was carefully chosen (or developed if necessary)
that fit the characteristics of the sensor data best
and therefore yielded the highest performance.

In order to further enhance the performance of
the developed detector, i.e. to handle occlusion,
maintain instance identities across frames and
improve detection accuracy, it was extended with
tracking mechanisms. The resulting algorithm
is named LRI-Tracktor due to the circumstance
that it is tailored to Low-Resolution Infrared im-
ages. Fig. 2 provides a rough insight into the
inner workings of the LRI-Tracktor. It maintains
a list Tk of M active tracks tmk , m = 1, . . . ,M ,
i.e. objects to be tracked. Each track consists
of bounding box coordinates bmk and a classifier
score smk , i.e. tmk = [bmk , smk ]. The LRI-Tracktor
first applies a tracking procedure to each of the
tracks, shifting their bounding box positions from
frame Ik−1 to new positions in the new frame Ik,
i.e. bmk−1 → bmk . Each of the shifted boxes is
then evaluated by the detector’s classifier, yield-
ing a new score for each track, i.e. smk−1 → smk .
The frame Ik is passed to the detector as well,
yielding a number of detections Dk. Finally, the
updated tracks T̂k and the detections Dk are
merged to the final result Tk using simple logic,
e.g. killing tracks with low scores, initializing new
tracks and updating tracks that have been found
by the detector.

(a) 32x32 (b) 60x40

Fig. 3: Frames containing one person from a 32x32
and a 60x40 pixel thermopile array.

Tab. 1: Performance of YOLOv5m and the presented
LRI-Tracktor on test data. Performance was
measured in terms of the Mean Average Precision
(mAP).

Num. of Persons
3 4 5

YOLOv5m mAP.5 0.84 0.80 0.55
mAP>.5 0.36 0.28 0.15

LRI-Tracktor mAP.5 0.76 0.64 0.40
mAP>.5 0.36 0.32 0.16

Case study
The purpose of the following case study is
to show that the developed LRI-Tracktor can
achieve similar performance to state-of-the-art
Deep Learning Computer Vision models on low-
resolution infrared image sequence. As compar-
ison model to the LRI-Detector the YOLOv5m
Single-Stage detector was chosen. Unfortu-
nately, the data on which YOLOv5m was eval-
uated is not available anymore, therefore the
performance metric are not directly comparable.
The LRI-Detector was applied to data of a 60x40
pixels thermopile array (perspective: bird’s-eye
view). YOLOv5m was applied to data of a 32x32
pixels thermopile array (perspective: top view).
Fig. 3 shows an exemplary frame of each ther-
mopile array. Multiple datasets were recorded
with each sensor, containing from three up two
five persons. The datasets were split into training
and validation datasets. The performance on the
validation data is documented in Tbl. 1. The re-
sults show, that YOLOv5m detects persons cor-
rectly more often than the LRI-Tracktor, but lo-
cates them only with low precision (rows with
mAP.5). THe LRI-Tracktor on the other hand cor-
rectly detects persons with higher precision more
often (rows with mAP>.5).
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