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Introduction and motivation

www.raptorphotonics.com
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Introduction and motivation

Anomaly detection is the identification of :
* unusual elements

* Occurrences

 observations

which raise suspicions because of a significant
deviation from :
* majority of data

www.infratec-infrared.com

« expected behaviour

Lahiri et al, 2012

Stockton, 2007

In the context of thermal anomaly detection, the goal is to identify regions with
irregular temperatures that deviate from their surroundings.
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Introduction and motivation

The scientific question is how to distinguish
thermal anomalies from other hot entities?

This study proposes that in order to eliminate entities with
"explainable" heat signatures, information from the visible
part of the electromagnetic spectrum may be used.
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Thermal anomaly detection approach

adjustment based on multi-

modal point matching
between TIR and optical
images.

Aim — representation of a Aim — detection and Aim — classification of thermal
same geographic region by localization of thermal anomalies candidates.

means of thermal, optical and anomalies candidates.

height data.

Method — joint bundle block Method — Dempster-Shafer Method - Random forest

evidence theory is used for
semantic segmentation, while
saliency maps are employed
as believe functions.

classifier with hand crafted
features based on expert
knowledge.
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Photogrammetric Processing

Aim — representation of a same geographic region by means of thermal, optical and height data.

Are TIR images so special?

No: photogrammetric theory applies very  Yes: in comparison to optical (RGB) images TIR
well to TIR images/cameras images are rise a number of challenges due to:
sensor differences, scene perception and etc.

The sub-goal of this phase is to improve scene reconstruction
from the perspective of TIR images, by means of Joint Bundle
Block Adjustment (BBA) of optical and TIR images.
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Joint bundle block adjustment based on
multi-modal point matching

Standard point matching
approaches operate well on the
same modality, but they fail to
match multi-modal images due
to the modality gap in how each
scene Is represented.
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Joint bundle block adjustment based on
multi-modal point matching

Phase Congruency of the Phase Congruency of the
iible image ] | optlcallmage optlcal |mage (zoom in)

Phase Congruency of the Phase Congruency of the
TIR image TIR image (zoom in)
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Joint bundle block adjustment based on
multi-modal point matching

e el S -
Sne., s e -
St dd ~ “~. e
e S, -
N Ny P

i
o 2 ~. =
Cogl ~ - o
’,z g T o
hat V I s"‘
..
-~

Semae
T
-

" G e

=

X
t 4 ” vis
Lo Sx,.

1‘7( Leibniz
. L. . . 1 0; 2] Uni itat
iﬁ Institut fur Photogrammetrie und Geolnformation 9




Joint bundle block adjustment based on
multi-modal point matching

DJI Matrice 200 Quadcopter

GPS/GLONASS + barometer

Obstacle avoidance system

Gimbal stabilised RGB and IR camera
Zenmuse XT2, both cameras rigid

2 heated redundant batteries with down
to -20°C operational temperature
Redundant IMUs and barometers
Max.Wind resistance 12 ™/

Stereo calibration

+ Reprojected comers
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Joint bundle block adjustment based on
multi-modal point matching

GCPs in the scene were measured with RTK GNSS with sub cm accuracy.

GCPs in the images were measured in automatic manner based on blob detection with sub pixel
accuracy.
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Joint bundle block adjustment based on
multi-modal point matching

Single BBA Joint BBA
Optical Images TIR Images Optical TIR
Images | Images
b RMSE b RMSE b RMSE RMSE
Error [Dix] Error [Dix] Error [Dix] [Dix]
em] | P [cm] i [cm] i i
Tie Points ~ 0.9 ~ 0.7 ~ 0.9 0.8
GCP mean 1.4 0.4 2.9 0.6 14 0.7 1.7
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Thermal anomalies localization

Aim — detection and localization of thermal anomalies candidates as regions with
the objectives of not missing any anomaly while allowing high false positive rate.
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Thermal anomalies localization

The main hypothesis is that a hot spot, that appears as a salient region only
in the TIR image and is not salient in the optical image, is a thermal anomaly.

Orthomosaic TIR

Orthomosaic Optical

v oy

Non-Salient regions

TIR Salient regions only

Orthomosaic TIR - Saliency Map  Orthomosaic Optical - Saliency Map
’ r~ S

‘ Salient regions in both
modalities

RGB Salient regions only
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Thermal anomalies localization

A saliency map is an image transformation that assigns a unique quality to each
pixel in an image based on the degree to which the pixel varies in its
neighbourhood and to the whole scene.
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Thermal anomalies localization

Classification based in Dempster-Shafer Theory

The classes represented by the following colors: Cp — yellow Cp, — none

Input RGB image

Input RGB image
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Thermal anomalies localization

Evaluation methodology and results

« The evaluation was performed manually: each thermal anomaly candidate was visually
inspected using the TIR and the optical image.

« Overall, the findings are satisfactory, from the 1390 detected thermal anomaly candidates
59 out of 60 true thermal anomalies were found.

Input RGB image Input TIR image Classification results

False-detection due to poor
lighting conditions, which
influence optical image
quality.

Input RGB image Input TIR image Classification results
1 § s i

Miss-detection due to the
change in the lighting

conditions, which become
salient in optical image.
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Thermal anomaly classification

Aim — classification of thermal anomalies with the objectives of high recall and precision.

« The candidates for thermal anomaly are now viewed as regions rather than single
pixels.

« The information sources for the second classification phase are the classification results
of the previous phase, TIR orthomosaic with temperature values and DSM.

» Feature extraction is done in hand crafted manner based on an expert knowledge.

 Random forest is used as a binary classifier in order to differentiate between normal
temperature variations and thermal anomalies.
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Thermal anomaly classification

In order to determine the effect of the thermal
(class 0) EHese L anomaly temperature threshold on the ability to
1331 59 yield correct results, different datasets were

1332 58 prepared with regard to the feature (tg;rf—min)-

1339 51

taiff—min > 1.5°C 1351 39

Due to unbalanced nature of the

Data Percentage
dataset, class 0 was sub-sampled
during the training phase. Class 0 20%
Class 1 80%

Class 0 80%
Class 1 20%

T {i 1] Leibniz
. L. . . {0 Z] Uni itat
iﬁ Institut fiir Photogrammetrie und Geolnformation 19



Thermal anomaly classification

Anomaly
threshold

taiff-min > 0°C

taiff-min > 1.0°C

taiff—min > 1.5°C

Actual O
Actual 1
Actual 0
Actual 1
Actual O
Actual 1
Actual O
Actual 1

Predicted O

TNR = 89.5%
FNR =15.6%
TNR =94.7%
FNR = 4.0%
TNR = 98.6%
FNR = 5.0%
TNR = 95.4%
FNR = 0.0%

Experiment #1

Predicted 1

FPR =10.5%
TPR =84.4%
FPR =5.3%
TPR = 96.0%
FPR =1.4%
TPR = 95.0%
FPR =4.6%
TPR =100.0%
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Thermal anomaly classification

With optical data Without optical data

Non-Anomaly
(EEN0))

Anomaly
(class 1)

Non-Anomaly
(class 0)

Anomaly

Anomaly threshold (class 1)

Anomaly threshold

tdiff—min > 0°C
taiff—min > 0.5°C

taiff—min > 0°C
taiff-min > 0.5°C

taiff—min > 1°C

taiff—min > 1°C

Anomaly
threshold

Anomaly
threshold

bgirrom > 0°C TNR = 89.5% FPR =10.5% e TNR = 87.3% FPR = 12.7%
S FNR=156%  TPR=84.4% aurSmin FNR = 20.0% TPR = 80.0%
TNR=94.7%  FPR=5.3% TNR = 89.4% PR = 10.6%
Jrmn FNR=4.0%  TPR = 96.0% aif f—min FNR = 17.1% TPR = 82.9%
tair s > 1.0°C TNR = 98.6% FPR = 1.4% I TNR = 91.9% FPR = 8.1%
Srmmin FNR = 5.0% TPR = 95.0% diffisu FNR = 8.0% TPR = 92.0%
WP [I\R=95.4% 1 FPR=4.6% D TNR = 97.1% FPR = 2.9%
S FNR=0.0%  TPR=100.0% i FNR = 6.7% TPR = 93.3%
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Conclusions and discussion

The conclusions are;

Phase Congruency reduces the modality gap between optical and TIR
Images

Photogrammetric co-processing of optical and TIR images leads to a
better precision.
The main hypothesis tends to be true with some minor limitation.

Saliency analysis allows information fusion between TIR and optical
Images for classification task based on Dempster-Shafer evidence
theory.

High number of the false positive of the thermal anomalies could be
significantly reduced by the proposed two step classification.

Information fusion of optical and TIR data leads to higher true positive
rate of thermal anomaly detection
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