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Calibration of Thermal Camera with Enhanced Image

Ju O Kim, Deokwoo Lee’

Department of Computer Engineering, Keimyung University

2 o 2 =EolAk 3710 AHE 7H A5k rjulete] Ao Ralol e Seaskis WES AL, Fulete]
stetule] 24 @ 1 A3te] ASES vols] ol AR RS AT 379

37 A 71 Fheeie g At
sfo} kA 7 Algetet AR Aol EAEHA 9k, F5 QA shae Uut A s AR et v
o Ao udol 4 33 A4 GAel HE Pu EL seier BEBA] Ao]9] Al Axsr] Aol WEA] Sso]
of 31 Helolch. et Aelndold 4L Be) P AL el R @ ol shetuleolw W shetule:
Felete] 29, YA, olnlA] FUACR FAEC] U, A% Seule ATE AHE o] B AHS
i sheete] grha 91219 SRS HeMEE T} e & =EoAE AsHY siuete] Aejueolde
Sshe e Aokshel, Asky sete] AEdold 4 o) Lwo] WesH A4 AARCE B 2
gudoldlo] PO S| S8 B ERolAE A% sk VU BTk BAC shue AMstel I F29
BoES 291 5 Ae|neold Tetule AN SWska, AME sH9] Fago] Aelndol e AT ABHE ATt

JQ
o
u
f

Abstract This paper proposes a method to calibrate a thermal camera with three different perspectives.
In particular, the intrinsic parameters of the camera and re-projection errors were provided to quantify
the accuracy of the calibration result. Three lenses of the camera capture the same image, but they are
not overlapped, and the image resolution is worse than the one captured by the RGB camera. In
computer vision, camera calibration is one of the most important and fundamental tasks to calculate the
distance between camera (s) and a target object or the three-dimensional (3D) coordinates of a point
in a 3D object. Once calibration is complete, the intrinsic and the extrinsic parameters of the camera(s)
are provided. The intrinsic parameters are composed of the focal length, skewness factor, and principal
points, and the extrinsic parameters are composed of the relative rotation and translation of the
camera(s). This study estimated the intrinsic parameters of thermal cameras that have three lenses of
different perspectives. In particular, image enhancement based on a deep learning algorithm was carried
out to improve the quality of the calibration results. Experimental results are provided to substantiate

the proposed method.
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AukzoZ Tl oJu|R] A= (Single image super
resolution, SISR) 7|&&- o183} Al =(low resolution)
o|u|x|7} FojA st E(high resolution) °JF|AE
ABok= BAIE i detcH10,11]. SISRS EQF ¢ Het
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Teo] gtk 27] ol A BT Lanczos A
AMEHT 22 H7go]l ZETH12, 13, 14]. EA9
5 W2 LROJA HR siA29] wijgE sk o
g ARGEh QI 9E S o1 5k 3E B
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Fig. 2. Image of thermal checkerboard with
low-resolution

Fig. 2 & Fig. 12 th&2AY 3F JA o Z2A oA
A IHE B4 A G4 TECdct. o] I}
AollA FAe] TFnt AJEo] 1=

o
&4d

Fig. 3. Upscaled luminance components from Fig.2
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Fig. 4. High-Resolution image obtained using VDSR
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Fig. 5. Thermal checkerboard used for calibration
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Fig. 6. Thermal checkerboard with corner detection
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Fig. 10. Thermal checkerboard from cam3
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Fig. 11. Thermal checkerboard with circular patterns
from caml

Fig. 12. Thermal checkerboard with circular patterns
from cam?2

Fig. 9. Thermal checkerboard from cam2
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Fig. 15. Reprojection errors of calibration.

RITITTII @ cam, (b) cam2, (c) cam3

Table 1. Reprojection Errors (Average)

L]
-....... Cmaera Errorl | Error2 | Error3 | Errord

. . . CAM 1 0.72 | 0.44 1.54 1.00
AEann

CAM 2 0.67 | 0.51 1.12 0.65

CAM 3 091 | 0.35 1.44 1.24

Fig. 14. Corner detection of checkerboard
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Fig. 16. Reprojection errors with circular patterns.
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