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Scene parsing method toward low-light-level/infrared

color night vision
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Abstract: Color night vision technology is able to fuse the dual-spectral image of low-light-level and
infrared image into a color one suited to human observation. Furthermore, a appropriate scene parsing
method on the color night vision image could additionally facilitate human observation by providing
automatic content analysis. An online scalable scene parsing method was proposed aiming at the rich
and changeable color night vision in practice which required algorithms with high flexibility. The
proposed method was based on a non-parametric model that needed no training process when predicting
scene categories. It matched the query image and the sample images in database using both global and
local features, and then transfered semantic labels of the best-match samples to the query image.
Moreover, the database can be dynamically expanded according to different usage scenarios. The
experimental results show that proposed method achieves satisfactory accuracies on color night vision

images that obtained by a variety of color night vision methods, including the statistical color mapping,
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TNO, and NRL, throughout diverse scenes, including cities, countryside and others.

Key words: color night vision; scene parsing;

Markov random field
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Tab.1 Recognition rate of each class, class average

and pixels of fused image in scene 1

Scenel  Tree Sky Build  Grass Road Onen-cs  OQper-pinel

SM  98.81 94.53 - 98.61 - 97.32  95.82
SM.2  98.96 90.10 - 98.26 - 95.77  95.02
SM.3 96.69 91.23 - 99.47 - 95.80 94.01
SM.4 98.45 93.64 - 97.73 - 96.61 95.28
NRL  95.53 93.97 - 97.93 - 95.81 93.55
TNO 95.74 78.29 - 99.47 - 91.17  90.98
TYTZ 98.66 76.80 - 99.47 - 91.64 92.59

R2HR2 BAEGHENEINRAE K T
R ARG RIRA
Tab.2 Recognition rate of each class, class average

and pixels of fused image in scene 2

Scene 2 Tree Sky Bsld Grass Road  Queancas Oper-pixe
SM 98.98  97.92 - 4.85 94.07 73.96 86.83
SM.2  99.23 96.89 - 0 98.93 73.76  87.02
SM.3 98.17 98.11 - 0 97.34  73.41 86.21
SM.4  98.69 98.11 - 0 95.71 73.13  86.35
NRL  97.58 98.21 - 0 98.89 73.67 86.01
TNO  98.08 93.66 - 0.890 98.73 72.84 86.06
TYTZ 99.19 87.21 - 0 99.35 71.44 86.28
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Tab.3 Recognition rate of each class, class average

and pixels of fused image in scene 3

Scene 3 Tree Sky  Build Grass Road Qunos Oprpel

SM 96.41 98.63 72.26 - 99.70 91.75 86.63
SM.2  98.29 88.65 65.74 - 19.48 68.04 77.99
SM.3  97.47 76.69 70.23 - 6.25 62.66 77.13
SM.4  97.86 93.58 70.36 - 98.39 90.05 85.68
NRL  97.17 85.10 72.60 - 99.31 88.55 85.34
TNO 97.41 91.67 56.94 - 19.96  66.50 74.43
TYTZ 98.05 78.98 48.38 - 99.77 81.30 74.94
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Tab.4 Recognition rate of each class, class average

and pixels of fused image in scene 4

Scene 4 Tree Sky Build Grass Road Quudes Qporpisa

SM 99.17  98.53 - 95.17 - 97.62  98.24
SM.2  97.29 98.25 - 98.06 - 97.87 97.66
SM.3 98.10 98.31 - 93.05 - 96.49 97.16
SM.4  95.21 98.60 - 92.73 - 95.51 95.52
NRL  92.65 96.33 - 4.94 - 64.64  76.46
TNO  98.84 95.63 - 97.31 - 97.26  97.80
TYTZ 95.33 95.41 - 99.50 - 96.75 96.16
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Tab.6 Mean value of class average recognition

rate of all scenes

0 Scene Scene Scene Scene Scene Mean Rank
mean-class an|
: 1 2 3 4 5 value
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Tab.5 Recognition rate of each class, class average

and pixels of fused image in scene 5

SM 9732 73.96 91.75 97.62 93.12 90.75 1
SM.2  95.77 73.76 68.04 97.87 94.04 85.90 3
SM.3 958 7341 62.66 96.49 90.30 83.73 5
SM.4  96.61 73.13 90.05 95.51 92.07 89.47 2
NRL 95.81 73.67 88.55 64.64 89.28 82.39
TNO 91.17 72.84 66.5 97.26 82.17 81.99

L B )\

TYTZ 91.64 71.44 81.3 96.75 77.97 83.82

Scene 5 Tree Sky Build Grass Road QOueacas Operpixel

RTHAESSERAMNZNHE

Tab.7 Mean value of pixels recognition rate of

SM 92.98 96.62 93.04 89.84 - 93.12  93.33
SM.2  92.30 94.95 97.62 91.28 - 94.04  93.56
SM.3  93.53 98.87 70.60 98.18 - 90.30 91.24
SM.4  90.12 93.78 95.27 89.10 - 92.07  91.54
NRL  87.47 97.72 94.12 77.82 - 89.28 89.43
TNO  95.70 90.48 42.52 99.96 - 82.17  86.39
TYTZ 94.69 9540 22.20 99.57 - 77.97 83.36

all scenes
0 Scene  Scene Scene Scene Scene Mean Rank
er-pixc an
perpine 1 2 3 4 5 value

SM  95.82 86.88 86.63 98.24 93.33 92.18 1

SM.2 95.02 87.02 77.99 97.66 93.56 90.25 3

SM.3  94.01 86.21 77.13 97.16 91.24 89.15 4

SM.4  95.28 86.35 85.68 95.52 91.54 90.87 2

NRL 93.55 86.01 85.34 76.46 89.43 86.16 7

TNO 90.98 86.06 74.43 97.8 86.39 87.13 5

TYTZ 92.59 86.28 74.94 96.16 83.36 86.67 6
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