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Abstract

Today, with the improvement of deep learning technology, computer vision areas such as image classification, object detection,
object segmentation, and object tracking have shown remarkable improvements. Various applications such as intelligent surveillance,
robots, Internet of Things, and autonomous vehicles in combination with deep learning technology are being applied to actual
industries. Accordingly, the requirement of an efficient compression method for video data is necessary for machine consumption
as well as for human consumption. In this paper, we propose an object-based compression of thermal infrared images for machine
vision. The input image is divided into object and background parts based on the object detection results to achieve efficient
image compression and high neural network performance. The separated images are encoded in different compression ratios. The
experimental result shows that the proposed method has superior compression efficiency with a maximum BD-rate value of
-19.83% to the whole image compression done with VVC.

Keyword : VCM(Video Coding for Machines), Object Detection, Thermal Infrared Image, Image Compression, Machine
Vision
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Fig. 1. Pipeline of Object based Compression Method
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Algorithm 1 Binary Map Generation Algorithm

Input : Predicted bboxes, IR image
Quiput : Binary Map Images

1: Obtain predicted bounding boxes, (x, ¥ of top-left corner and x, v of bottom-
right comner), BBox = {obj;, 0bj,, ..., 0bj,} from Object Detection Network
fori=1,..,ndo
if(hx2<worwx2<h)and h X w <64 x 64 then
pW v (Arhw) 1 2, plt o (bW} £ 2
else ifh = w then

else

pW e W, phew

end if

3
4
5
6 pw e fi, phe- h
7.
8
9

10: #wxh<32x<32then

11: x_margin « pw » 1.6, ymargin « phxa
12: elseif w xh < 96 ¥ 96 then

13: x_margin « pw <2, y_margin e« ph =< f#

14: else

15:  x_margin « pwx1ld, y_margin « phxy

16 endif

17:  adjusted_obj;[D}« 0bj; [0] ~ int(x_margin /)
18:  adjusted _olf;[1] « obj;[1] - intly margin/ 2)
19:  adjusted_obj;{2] « obji[2] + int{x_margin/ 2}
20 adjusted_obj;[3] < obj;[3] + imt{y_margin / 2)

21: end for

2fori=1,..,n do
23:  create foreground binary map with extended adjusted_obj; by 4 pixels
24:  creafe background binary map with reduced adjusted_obj; by 4 pixels

25 end for
a2 2. 07 Y 4

Fig. 2. Binary Ma|
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Fig. 3. Object Image Sample according to Margin
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Table 1. Object Detection Results according to Margin R [
A E dole] ME F 3}l FLIR Thermal o€
No Margin Adding Margin(a=1.4, B=2, y=1.6) /ﬂ]Em]O] t}. FLIR Thermal H o8 A EX= =3} 9o &
AP 23.518 39.290
3] §_ A 10 o:) al 3 AF
AP50 42.957 75.835 Al 7l aAste] 2 91 Aol 9%
AP75 22.850 35.595 o2 dAME B3 H5T BAME FEE VIR E G4
APs 13.190 29.583 2 AAE7) W B RGB %Ak tloE] A Ee] u)3)] 379
T el Qe 9 vtk webd G Aoy G A, 2R, A
AP 50.289 64.755 ’ ’ ’
$53 A5 5 A4 20014 RGB E M4l vA
19 39 (A)E " glel, B)E 1¥ 29 ¥ EE ol Agteitta & 4 vk & 2v ¥4 FF R AT
G OIS K A DHE MRS M A Dy THE AT AT 232 vaza,
& HelZth B)9) A% AW ANE FHOR g
F AL AU 5 Aok ¥ 12 vh gl A4 Gyl 7] E2 o B
1?}6]-01 7—]“] %Px = —’F?‘fg §E% EEHS&]— o]ﬁ ) *ﬂ"é ‘Q’lﬂ% Table 2. Experimental Environment
S %a} u}ﬁ% :EL%H“;_} ) oé])bpoﬂ 7 tﬂ-a]-o:], AA B = For Running NeLLJJrsI l\tlet\1/v;r(;<4 For Image Co'\r;presos;orl;.
untu . ac |
53 e ue) ATE woET, YR 3] AP(Average os LTS os Sur 115
Precision)= 40.557°]tk. #kx1 glo] A4 A G442 7] GPU RTX 2080 ti CPU Applr? M1
chip
wkete] A HAE e 3 235188 AP7F S o CUDA 10.2 FFMPEG 422
AA R o] W A G ES B wRlS e 4A Pytorch 15.1 VTM 12.0
s 7o 2 WA EAE TS AP7F 39.290E
+ G7F Ahet viwel oF 1%ptt Aad As £ 4 Atk Aol AHEE 23] €2 AA %L Detectron2ol] 7E
wpEbr] SEe upRlg Fof AA GF wiE 9 U o] 9l Faster R-CNN X101-FPNP2o| o], VCMol A 2 4]

u A R Aoz Ae® 27|t Detectron22] Faster
ity & 4= QT R-CNN X101-FPN¢] 7% RGB A0 2 AFA 8ksH AlA
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& 7Pg HA 7121 VVCE ARSI SH, VIM (VVC
Test Model) 12.05 £3] 3535 4331t} FLIR ©|
o]8] A E = bitDepth7} 8bite] JAFo] ATk VIME A
3 A4S 4= 9 bitDepth =B = 10, Conformace
WindowMode+ 121 All Intra EEZ 4= 5335

09 4 A7 24, 94 20 WE 39 e
FFMPEG 4.22% AH3lSith. FFMPEGO.Z PNGOA
YUVZ HAs= A9dE yuvd20p s, 3318 YUVE
PNGZ W73t 790l yuvd20pl0le S AHEEFITE &
£ A% 8742 veMe #Hrt A 2ATE gt

2. A

oot

Z1

VIM 1202902 24] o|v| 42 ¢4 & Asist Aok
£ A ) 45§ 23 R A vEE B8 2,

E 32 VIM 12082 AHA 94

¥ 3. FLIR Anchor Z1}
Table 3. FLIR Anchor Results

Scale QP bpp mAP
original 40.557
22 1.892 39.317
27 1.325 39.323
o 32 0.376 39.685
100% 37 0.146 34.578
42 0.072 24.888
47 0.034 12.746
22 0.886 40.340
27 0.399 39.641
32 0.189 36.626
5% 37 0.098 30.878
42 0.049 19.025
47 0.022 7.601
22 0.350 35.607
27 0.193 35.143
32 0.107 29.875
50% 37 0.056 22.369
42 0.027 10.043
47 0.012 2.567
22 0.099 18.439
27 0.063 15.966
o 32 0.037 12.012
25% 37 0.020 6.271
42 0.010 1.142
47 0.005 0.252

75%, 50%, 25%) 2 6712] QP(22, 27, 32, 37, 42, 47)&
%2 433} FLIR Anchor Z3}o]H, & 4% A|otal= W
S AE3 A3E HoFrh B =R AA 7|9
S 79T W AA G HFE 100% 7 9 A
100%F A4 F4 A= 75% w73 G4 SIAHE 50%01 4]
ME e QPE 4EFS FIAch

N o zQ

E 4 2 Ol 94F 58 2

Table 4. Result of Object Detection based Compression

FG Scale | BG Scale | FG QP | BG QP bpp mAP

22 27 1.540[ 39.477

22 32 0.779] 40.244

22 37 0.596| 40.445

22 42 0.544| 40.190

22 47 0.518] 39.656

27 32 0.630| 39.353

27 37 0.447| 39.981

100% 100% 27 42 0.396] 39.686

27 47 0.369] 39.169

32 37 0.221 39.248

32 42 0.169]  39.095

32 47 0.143] 38.606

37 42 0.113| 34.437

37 47 0.087] 34.275

42 47 0.060| 24.846

22 27 0.390] 40.188

22 32 0.325| 40.131

22 37 0.288| 39.667

22 42 0.268| 39.438

22 47 0.257] 38.892

27 32 0.209| 40.045

27 37 0.173] 39.846

75% 50% 27 42 0.152] 39.116

27 47 0.142| 38.766

32 37 0.117] 38.489

32 42 0.096| 37.522

32 47 0.086] 37.001

37 42 0.065] 29.945

37 47 0.054| 29.983

42 47 0.035] 18.763
3% 33 45 v EA {213 bpp(bits per pixel)oll A
F 47} 9 =2 mAP(mean Average Precision)!E 7FA] &=
RAE B F Aok & 39 100% sHAE, QP 229 bppite
1.89201A1%F & 49] A G4 4= 100%, QP 22, v 7

4= 100%, QP 47¢ gk bpp 74 0.518°]t} F

AR mAPl| A bppk 3w o] 4} Zo}
Stk A4 94 Gge 2l
FR7] w ol wig gAke
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Pareto mAP vs bpp

40.000

30.000

15.000
10,000
5.000

a0

12! 4. Pareto-Front Curve Z2}
Fig. 4. Pareto-Front Curve Result

U5 AA Y dFEL 2 A7t
I mAPFLE A HoAA et
JI9 4% X 37 49 AFE 7|V E VCMOI A A58t
= " Z g ZA8 pareto-Front Curve 23S HoFth 11
3 42 B A otsl= W o] FLIR Anchor 7 H KT} #3
el I8AE As @1 & 4 Qlvh 19 5% VVCE
AR JAE shte] QPR F/E 35818 A (a)9} =FolA
Atsls WHOZ AA 7 45S 8 & 245 B

Aol 278l

05
app

—s—uncompressed_IR
—s—FLIR Anchor
+—Proposed(FG:100, BG:100)
Proposed(FG:75, BG:50)

313t A3l(b)E HYFH, (a), (b) LF 5353} F Gl
sl AA @AE e Astoltt. 18 59 (b)E
A Fo] dalA () TLsHA =2 FEE fAlse
AL G F ok wiAd FES vwd v F4E /A
YA FA U F8g FEQl A Fitol ek I F4
o] ¥7] W] FHA FAE IA Ymx k2 RS
S8 4 glk E=3 F Gl dis] AA gAE T
AdE g5 2 & F Atk wEhA & =T Akt

26 247

J2l 5 dM 555 & 28 Zut

M| EHX|
(a: HAE: 100%, QP: 22, b: FG allA=: 100%, BG ol
Table 5. Object detection result after decoding

(a: resolution: 100%, QP: 22, b: FG resolution: 100%, BG resolution: 100%, FG QP 22, BG QP: 47)

£:100%, FG QP 22, BG QP: 47)
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E 5. FLIR Anchor®} x| 7|dt = 7|8 21} H|w
Table 5. Comparison of FLIR Anchor and Object-Based Compression
Results

Proposed Method(select 6

FLIR Anchor
results)
scale bpp mAP scale bpp mAP
1.892 39.317 0.596 40.445
1.325 39.323 0.544 40.190
0.376 39.685 FG: 100, 0.447 39.981
100% .
0.146 34.578 BG: 100 0.221 39.248
0.072 24.888 0.113 34.437
0.034 12.746 0.060 24.846
0.886 40.340 0.390 40.188
0.399 39.641 0.325 40.131
5% 0.189 36.626 FG: 75, 0.173 39.846
0.098 30.878 BG: 50 0.117 38.489
0.049 19.025 0.054 29.983
0.022 7.601 0.035 18.763

¥ 6. BD-rate &1}
Table 6. BD-rate result

Pareto-mAP(None) -19.83%
100% -31.30%
75% -42.92%

UE oS Hlashy] sl 3 40lA A G sidel
w2} pareto points 7|RFO.Z 67]¢] S AlElste] FLIR
anchor®t A3 ZA3E vlwst 2 3 59 om, o]F 7]
"o 2 BD-rateE A4S A3+ & 63 2T} BD-rate 2
= 6719 Fe Ak 7 wEr EEAy, 2 =3
ANM= A Ao QP7} 229 Af-ol= 270, UHA= 7
QP 17§14 A e ste] FLIR Anchor$} W akit) 1 4
3 Aokt WHE2 VVCE G4 AAE G=she v H
t} Pareto-mAPO| A BD-rate %to] 2t -19.83%=% %45 =
£o] Holuth= As g F AUk

+ EwdlAE WA vdE 99 AR ) ok S

AlQFatAk Agehs WS G W AR 2
2} oAl v)A Ao ]

ZH), Atdeg g
Al siA 45 a8
Ba) o)A 24
5 2 fAS
< VVCE AA| 93
o= B uf 19.83% T U5 &8&°
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