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Deeply recursive convolutional neural network for polarization
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Abstract: To evaluate the interpolation algorithm for division- of- focal- plane (DoFP) polarization camera, two errors are
highly concerned, degree of linear polarization (DoLP) and angle of polarization (AoP). Herein, we introduce deeply recursive
convolutional network (DRCN) interpolation algorithm into the interpolation of the polarization camera. DRCN interpolation
algorithm is a network of full convolution. The convolution kernel is of size 3*3, and recursive convolution with 16 layers is
used for the reconstruction of the high resolution image, which reduces the number of training parameters of the network. In
this paper, we give the interpolation error of single image, interpolation error of DoLP and AoP, calculated by using root mean
squared error. The DRCN algorithm is compared with the bicubic interpolation algorithm. In terms of the interpolation of a
single image, the result showed that the interpolation error of the DRCN interpolation algorithm is less than that of bicubic
interpolation algorithm. And the calculated interpolation errors of DoLP and AoP with DRCN interpolation algorithm are also
less than those with bicubic interpolation algorithm. We also perform a qualitative comparison between the two algorithms,
using two DoFP polarization cameras with different resolutions to shoot the same scene. Calculated DoLP with DRCN
interpolation algorithm was more similar to the real DoLP than the calculated DoLP with bicubic algorithm.
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a: Convolution kernel 1
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b: Convolution kernel 2
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c: Convolution kernel 3
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Fig.1 Process of convolution kernel to extract image feature
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Fig.3 DoLP for a cup image from DoFP camera

picture (‘fitting | |/ and “-‘ y

truth’) / down-sampling \ picture

90° polarization “-. \l' 90°recon-
picture (fitting |
truth’) picture

DoFP: Division of focal plane; DRCN: Deeply recursive convolution

network; DoLP: Degree of linear polarization; AoP: Angle of polarization

2 DoFP iR HIRERZE
Fig.2 Interpolation flow chart of DoFP polarization camera using

DRCN interpolation algorithm

KR PR ST ARAIL A B2 —FE A —FF, Rt
UL 43 PR RIS 3 3 IR ) A R0 43 R A 7 LA
FEK L, FRATT H R 45 R R AR e
DoLP 5 543 B3R 1) DoLP #E 17 & M b4 .

& 3b Al 3c kA7 HbAss . Al sk R, B 3c
FL I 3b B R A 2R £ o A BUR O A 7T L
THAEHE F , B 3 50 I AR SO TR ALl LS
3afffESl. I, DRCN 24T X = KA {H

c: DoLP from DRCN

PrARAHBL OB BEALRT I — > W s i mdie ) |
FAE AR L3 42 0° 1450 135° 90 1%, T4
YER SR IR R . EURR/N A 13921 040, Xt
HARUR AT RE R AR, SR 5 43 591 W =YX #1 DRCN
fHfE M £, L DRCNS A, FFHIIZRES ) DRCN
B AR R F IR AR AT SRS . LRSI IS



=244 - B 2l Hi344

WEITIEZ WCHk[ 16 ] 4b) . DRCN #fi {5 ([&] 4c) H) BK At £ 75 ) DOLP , AoP.,
BRARAEAS W =R AF (E M DRCN B 5 0900 BRARAEAS b A2 s BARR Fat , Pr LUX Se ] A
PREE RS TR ZZ N 1 TR HW EEA M KRZHIZE50]

P4 7052 T B (1 4a) U= ARHEL (&

F1 BREHEARPN=REEF DRCNEEX FEMIRENES LR
Tab.1 Quantitative root mean squared error (RMSE) comparison between bicubic interpolation algorithm and DRCN interpolation al-

gorithm on the spherulite sample

Interpolation algorithm 0° 45° 135° 90° err D err A av_single im
Bicubic 2.573 142 4.804 586 2.256 014 2.565373 0.032 722 0.148 347 3.049 778 366
DRCN 2.548 443 4.214 659 2.204 244 2.499 003 0.030 583 0.146 438 2.866 587 275

0°, 45°, 135°and 90°represent RMSE between the real image and image calculated by the two interpolation methods, respectively; err D and
err_A represent RMSE of DoLP and AoP between the real and interpolated results by the two methods; averaging RMSE of single image (0°,
45°, 135° and 90°) is abbreviated to av_single_im.

c: DoLP (left) and AoP (right) from DRCN
4 BREBFERESIHN ZRHEE DRCN FRE T E H 5k DoLP (7)) #1 AoP ()
Fig.4 DoLP and AoP of real and calculated by bicubic and DRCN for spherulite samples
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