L)

Check for
updates

Journal of Korean Society for Atmospheric Environment
Vol. 34, No. 5, October 2018, pp.735-747
https://doi.org/10.5572/KOSAE.2018.34.5.735

p-ISSN 1598-7132, e-ISSN 2383-5346

Jlextz

TSNS 0|&¢t == ZA| 7HH|2} S&2| 22 U4 UHE

Rainfall Recognition from Road Surveillance Videos Using TSN

Li Zhun, §Z8l z|S21*
Sr2 sty & HArsHE

Zhun Li, Jonghwan Hyeon, Ho-Jin Choi*

School of Computing, Korea Advanced Institute of Science and Technology (KAIST)

Abstract

4 20185 98 19Y
23 20184 109 5
FHEH 20185 109 22Y

Received 19 September 2018
Revised 5 October 2018
Accepted 22 October 2018

*Corresponding author
Tel : +82-(0)42-350-3561
E-mail : hojinc@kaist.ac kr

Rainfall depth is an important meteorological information. Generally, high spatial resolution rainfall data such as

road-level rainfall data are more beneficial. However, it is expensive to set up sufficient Automatic Weather Systems to get the
road-level rainfall data. In this paper, we propose to use deep learning to recognize rainfall depth from road surveillance
videos. To achieve this goal, we collect a new video dataset and propose a procedure to calculate refined rainfall depth from
the original meteorological data. We also propose to utilize the differential frame as well as the optical flow image for better
recognition of rainfall depth. Under the Temporal Segment Networks framework, the experimental results show that the
combination of the video frame and the differential frame is a superior solution for the rainfall depth recognition. The final

model is able to achieve high performance in the single-location low sensitivity classification task and reasonable accuracy in
the higher sensitivity classification task for both the single-location and the multi-location case.
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Fig. 1. Distance between surveillance camera and AWS/ASOS station leads to mismatch between video and rainfall depth.
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Fig. 2. The architecture of temporal segment networks.
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Fig. 3. Estimate 5-minute rainfall depth.
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Table 1. Single-location dataset overview.

Label 5-minute rainfall depth (mm)

Camera

location 0 01 02 03 04 0.5 Total

Three way intersection 40 38 36 33 16 14 177

Table 2. Surveillance video specification.

Iltem Value
Frame size 1280720
Video length 5 minutes
Frames per second (fps) 30
Number of frames 9000
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Table 3. Multi-location dataset overview.

Label 5-minute rainfall depth (mm)
Camera
location 0 0.1 0.2 0.3 Total
Gangneung service area - 3 10 20
(To Incheon)
Gyohyang 1st bridge 8 5 17 6 36
Munmak 1 - 10 6 3 19
Seongsan 2nd bridge 6 - 8 18
Soksa 2 5 6 1 24
Wonju - 8 2 6 16
Total 16 39 34 44 133
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Table 4. Comparison of input modality for 0.1, 0.3, 0.5 mm
5-minute rainfall depth classification using single-location
dataset.

Input modality Accuracy
RGB image 82.1%
RGB difference 72.6%
Optical flow 59.1%
RGB image + RGB difference 94.4%
RGB image + Optical flow 90.9%
RGB image + RGB difference + Optical flow 95.8%

Table 5. Comparison of input modality for 0, 0.1, 0.2, 0.3
mm 5-minute rainfall depth classification using single-loca-
tion dataset.

Input Modality Accuracy
RGB image 69.6%
RGB difference 64.7%
Optical flow 50.7%
RGB image + RGB difference 70.8%
RGB image + Optical flow 68.5%
RGB image + RGB difference + Optical flow 69.1%

AR wf, RGB ©|1]| 2], RGB ZL&| ¢ Afe] z}o], 3got

520 242t 1,3,39] 7HEAE Holshdrt,

o
i)
=2
o)
i
ri
{2
B
=28
L mlo
4
o
o
ul
> AL
O\l
1o

P ot

i
I

o 1®

S 9

= 3

PN flo
oo ormocg

10 Hr o

==}
S
2
v
Bu)
&
o
)
il
e}
i)
Jo
>
ED
)
> L @ 4
>
oo 8
2 ox O
O o &H
mn o X

it
rO
>,
o
olr
o

N
(=)
)
K
fu
S
2
ol
olt
o,
38
O,
ol
R}
=
0,
o)
>,
ool
|
e
=1l
ol 39k

ot flo

oft
)




TSNZ 0|83t =

ol Agsttt. ol& {dl, o A9
22 0,0.1,0.2,0.3mm Y| olE
& Aotk v A1 o Tl
$ 271 wj2oll, o] Aol & Z]

]/\-" XX%O}L_ I:ﬂ-}\] og % 1]021

HaslL 5
T:Trol"cﬂ‘?d

SEE 27t ol

9 A9 g4 At kA, s 48S RGB
meg) Aol Holt e H5& Z1Fsksint. o)

_‘-;)__
oheeh i o] FFoRRE kS Aok A
< o o2 EAlolt}. whabA, v PRI A
RGB Z#|9] Afo] 2}017} Eﬂ 2 45S Bk &

78.9% 2 7P} =2 71oak 0]4] Lo

T o

Table 6. Comparison of input modality for 0, 0.1, 0.2, 0.3
mm 5-minute rainfall depth classification using multi-loca-
tion dataset.

Input modality Accuracy
RGB image 66.2%
RGB difference 73.0%
RGB image + RGB difference 78.9%
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Fig. 6. Confusion matrix.

J. Korean Soc. Atmos. Environ., Vol. 34, No. 5, October 2018, pp.735-747



SHA

<

3}

b, 4

°

Al
=2

51

o] 10|27} Huhi} melo]

=]
e &2

=

=1pd

744

=Moo Jo o ) .

ST W T T o P RTRCPTIATRET TR
= — i = NEE TR X P o —
T ok op o o T uﬁﬁ%ﬂﬂ%ﬁeo_e%ﬂaaﬂjﬂW_P_L%WM RO o
%nunma%__ﬂo_a %_#}OLWWTN_.%Eﬂaau:_hgauwamﬂ%of T T X
W o) B o Jlo TRT R BN K YR { ©m E T T
%ﬂ:ﬁ%%ﬂ_o ix%%oﬂ%m@1%uﬁm%%%oae Wos Ny A
— B BX H oo M = I o N o 4 Moo T oo of 5 =z A
R T T H A Y % oF o of 5% = 2 T o X
= o B ol 1 F 0 X ol = RN ~o —_
Ny np B XK aidl ~o ;. Tor e G
NG i S e TR Ro < 1 G
,n_m oz o A o D KO 6 > W oo A Bl B — op el o
T O = do W - %L_Lu_.LHT,mo__oL%ﬂvo_mn,ﬂﬂﬂﬂaapwmm P w L H
B oL X S TITIONE: JOAR i A oo KT o T X N L
S I ] O_Enﬂi_ﬂ_z%Mo_awﬁﬂLE%M}m%z_O o P T T L
S S Lol e DX W B Rl ao BN o X g %
20 il Ee%e_u}ﬂ 2o = 2 W s we o} B8 w o= P N T &
P y.%_n_mﬂur.m%@@ﬂoi%E_a%un%ﬂog oo A BT
Tr T e B g a%%@ﬁmmﬂnﬁﬂ;ﬂgﬂywTﬂ,_L% T T F oo
oa.A_uw_m_r%ﬁoonME‘._.wl W) Lfo_nﬂﬂmr_oloo#em@,ﬂﬂuouﬁﬁﬁﬁemﬂ%qﬂo mupﬂhumm
LE__L%%OT#@% Hﬂo__&ﬂoh%malﬂﬂy%4@5&;4& TG
Qﬂuﬂﬂoﬁema ﬂﬁlﬂoﬂﬁﬁliﬂoMTﬁl%wATHJﬁﬂ E._n_moﬂ ,.&-,mﬂ,ﬂolgmoo
T T o % ol e R EHTQ_1%@&4%%@%%@%@%% o T E w7
TR e e : Lga_aamjouﬂ@;éansﬂ}ox_&wf oo B o
® B R WD T B %&%ﬂ%ﬂ%%Rgﬂgm%me% R
0 M KF <o o x )W } ol %O r o B R
B el . o RO
S . T < o BT A0 o| Xm o Id

ol o) g oW B mo T 9 o —

mr eE of T AOT T R — .
%%ﬂwwmamommmhziﬂwmmmﬁae q_o'qo'%nnﬁnsWWLWMﬁLﬂLﬂHmMO_L@ﬂi%%@rﬂoo_a
uipT%m%‘_tﬂa%uﬁ A_Hﬂij%du%é]xg%omaatqo.l} oKk
paTRXKEBES T Homo ﬂﬂ%a.dm__@ﬂm@%ﬂ#%%@ﬂ%%i 5
G G R S NI | O_Eo_eEwrmﬁ&l%oL_LM__ﬂl%a_ea;7 &b
N e 2 k X! 0 n 5 NG oF B o B KT
s AP EETRRENEY %ma%mMﬂ%a_Efs6M%%M_Qﬂ%,_@k 50
TmT e oy s FE T X ELB.;_O%OMﬂﬂm__;T;mS_E%w%omT_jto
oo W R AT O uoma,#h#ﬂ%uaw o_}ﬁc]i%%%od,a
— < o -~ T _— n.u,.rux_,._.E OIEMGHPU]] s . 9 = ok
ou._o4LPor_de|ﬂmuE EATB__OEH__%&O%E}?ﬂo_eﬂxﬂwaﬂ__oeﬂl_/oAPo
2 oS- e O Yo & ol R e = o X o] ™ % O 0 o = N
Aﬂ%mmm_m__oomﬂw%@m_@ %W@ﬁaﬁﬁ%ﬁm%z%%%]af@g%ﬂ@
o X ® Jo 2 or . o 1 N i — Tl © o = = .
HW%NLoﬁmﬁaaﬂwlﬁ%ﬁ m_wﬂﬂﬁju_._E#E%;u;ﬂwwM%W%%#%ﬂ%@ﬂmmﬁ
o T =l L,IO _I_H1_,__L|1ﬁ_mo O“I ,I‘Lv‘,._.E‘m.M‘loo s
m o‘_wA o] T ::L. 7. Lgv —_ _ o ol o 3 Z_ QS
tinpifloce JERIe RRISeisaiiiavy
R1Mwo%.w_,m%@&ﬂwa o MO_LWO_L%%ﬂﬂﬂﬂﬁ%x %Eﬂwiai
Mm‘LmﬁL_oﬂlv_EwaﬁmﬂW% o_ﬂﬂuuxmﬂm_wiﬂlmﬂﬂ%aoi@W%%W%ﬂm&&%
() w T oL OF oF o o = o = o T K o = o TN R vl JEH a 2
L 0 m B o T ou o BN X &= & m gy oV T O WS Ew
%%%J%uz_uww%mm__mﬂﬂ.ﬂu%wunom_w__%MT%WM%dm%%éﬂ@e_awm%
AR T RGN Sy N S N O L
U.ATﬂﬂMOEﬂ@H:i]M - D.._‘lDIX 7;1&0}00_LH._LJI 0 =5 2o O —x
o oF T T o T RS o < i m R R g0 o% RO

do T R TR ONF E BB W W o il I

X o o T ook N T A ®

3

Ast3|X| X34 H M| 5

}745k

e=l




TSNZ 0|83t =

TSN o]9lel] 4 BRE $15) AHgske Tt 9
o B9L 284 Hi BAE Sk Hck
9] HAE=L 13D (Carreira and
Zisserman, 2017), P3D (Qiu et al., 2017) 22 Z|Zo]|
e 27 QL tjoFst nule 7k ol Ao AL5)
£ dAgolrt. Eoh G4 W el WE = (RODE
2] A3 %S A o golck

=
%@
R
OO[v
:{oh
re
i

e 2

o] A+ 7173 1A
(KMI2017-00410)2] A€o

A ZSee-At7 17T A,

2 59U,

References

Abu-El-Haija, S., Kothari, N., Lee, J., Natsev, P., Toderici, G.,
Varadarajan, B., Vijayanarasimhan, S. (2016) You-
tube-8m: A large-scale video classification bench-
mark, arXiv preprint arXiv:1609.08675.

Bae, G., Kim, J., Kwon, E., Lee, J., Hong, B., Kim, K. (2016) A
method for distinguish rainfall by using pixels of
CCTV images, Proceedings of Korea Information Sci-
ence Society Winter Conference 2016, 1698-1700.

H. (2007)

Greedy layer-wise training of deep networks,

Bengio, Y., Lamblin, P., Popovici, D., Larochelle,

Advances in Neural Information Processing Sys-
tems, 19, 153-160.

Bengio, Y. (2012) Deep learning of representations for unsu-
pervised and transfer learning, Proceedings of ICML
Workshop on Unsupervised and Transfer Learning,
17-36.

Berg, P, Norin, L., Olsson, J. (2016) Creation of a high resolution
precipitation data set by merging gridded gauge
data and radar observations for Sweden, Journal of
Hydrology, 541, 6-13.

Carreira, J., Zisserman, A. (2017) Quo vadis, action recognition?
A new model and the kinetics dataset, Proceedings
of the 2017 IEEE Conference on Computer Vision
and Pattern Recognition, 4724-4733.

Caruana, R. (1995) Learning many related tasks at the same

time with backpropagation, Advances in Neural

Information Processing Systems, 7, 657-664.

2 Al 702t Faol ek Q1A Bl 745

Chahine, M.T. (1992) The hydrological cycle and its influence
on climate, Nature, 359(6394), 373-380.

de Souza, C.R. (2018) Action recognition in videos: data-effi-
cient approaches for supervised learning of human
action classification models for video (Doctoral dis-
sertation, Universitat Autonoma de Barcelona),
Retrieved from https://ddd.uab.cat/pub/tesis/2018/
hdl_10803_565827/crds1de1.pdf.

Diba, A., Fayyaz, M., Sharma, V., Karami, A.H., Arzani, M.M.,
Yousefzadeh, R., Van Gool, L. (2017) Temporal 3D
ConvNets: new architecture and transfer learning
for video classification, arXiv preprint arXiv:
1711.08200.

Donahue, J., Anne Hendricks, L., Guadarrama, S., Rohrbach, M.,
Venugopalan, S., Saenko, K., Darrell, T. (2015) Long-
term recurrent convolutional networks for visual
recognition and description, Proceedings of the
2015 IEEE Conference on Computer Vision and Pat-
tern Recognition, 2625-2634.

Dong, R, Liao, J, Li, B., Zhou, H., Crookes, D. (2017) Measure-
ments of rainfall rates from videos, Proceedings of
the 2017 IEEE International Congress on Image and
Signal Processing, BioMedical Engineering and
Informatics, 1-9.

Erhan, D., Bengio, Y., Courville, A, Manzagol, PA., Vincent, P,
Bengio, S. (2010) Why does unsupervised pre-train-
ing help deep learning?, Journal of Machine Learn-
ing Research, 11(Feb), 625-660.

Falkowski, P, Scholes, R.J., Boyle, E.E.A., Canadell, J., Canfield,
D., Elser, J., Gruber, N., Hibbard, K., Hogberg, P.,
Linder, S., Mackenzie, F.T. (2000) The global carbon
cycle: a test of our knowledge of earth as a system,
Science, 290(5490), 291-296.

Farneback, G. (2003) Two-frame motion estimation based on
polynomial expansion, Proceedings of Scandina-
vian Conference on Image analysis, Springer, Berlin,
Heidelberg, 363-370.

Galloway, J.N., Dentener, F.J., Capone, D.G., Boyer, E.W., How-
arth, R.W, Seitzinger, S.P, Asner, G.P, Cleveland, C.C.,
Green, PA., Holland, E.A., Karl, D.M. (2004) Nitrogen
cycles: past, present, and future, Biogeochemistry,
70(2), 153-226.

Garg, K., Nayar, S.K. (2004) Detection and removal of rain from
videos, Proceedings of the 2004 IEEE Computer
Society Conference on Computer Vision and Pattern
Recognition, 1, 528-535.

Gibson, J.J. (1950) The Perception of the Visual World, Hough-
ton Mifflin, Boston, U.S.A., 259pp.

Guo, L.C,, Zhang, Y., Lin, H., Zeng, W,, Liu, T,, Xiao, J., Rutherford,

J. Korean Soc. Atmos. Environ., Vol. 34, No. 5, October 2018, pp.735-747



746 Li Zhun, 31&8t, 257

S., You, J., Ma, W. (2016) The washout effects of rain-
fall on atmospheric particulate pollution in two Chi-
nese cities, Environmental Pollution, 215, 195-202.

Hochreiter, S., Schmidhuber, J. (1997) Long short-term memo-
ry, Neural Computation, 9(8), 1735-1780.

loffe, S., Szegedy, C. (2015) Batch normalization: Accelerating
deep network training by reducing internal covari-
ate shift, Proceedings of the 32nd International
Conference on International Conference on
Machine Learning, 37, 448-456.

Kang, LW, Lin, CW,, Fu, Y.H. (2012) Automatic single-image-
based rain streaks removal via image decomposi-
tion, IEEE Transactions on Image Processing, 21(4),
1742-1755.

Karpathy, A., Toderici, G., Shetty, S., Leung, T., Sukthankar, R.,
Fei-Fei, L. (2014) Large-scale video classification
with convolutional neural networks, Proceedings of
the 2014 IEEE Conference on Computer Vision and
Pattern Recognition, 1725-1732.

Kim, S., Hong, K.H., Jun, H., Park, Y.J., Park, M., Sunwoo, Y. (2014)
Effect of precipitation on air pollutant concentra-
tion in Seoul, Korea, Asian Journal of Atmospheric
Environment, 8(4), 202-211.

Ko, B., Li, Z., Choi, H. (2017) Determination of precipitation
from road CCTV video by using CNN-LSTM, Pro-
ceedings of Korea Software Congress 2017, 820-
822.

LeCun, Y., Bottou, L., Bengio, Y., Haffner, P. (1998) Gradient-
based learning applied to document recognition,
Proceedings of the IEEE, 86(11), 2278-2324.

Lee, J,, Hong, B., Jung, S., Chang, V. (2018) Clustering learning
model of CCTV image pattern for producing road
hazard meteorological information, 86, Future Gen-
eration Computer Systems, 1338-1350.

Lobligeois, F., Andréassian, V., Perrin, C., Tabary, P, Loumagne,
C. (2014) When does higher spatial resolution rain-
fall information improve streamflow simulation? An
evaluation using 3620 flood events, Hydrology and
Earth System Sciences, 18(2), 575-594.

Oki, T., Kanae, S. (2006) Global hydrological cycles and world
water resources, Science, 313(5790), 1068-1072.

Prentice, I.C., Farquhar, G.D., Fasham, M.J.R., Goulden, M.L., Hei-
mann, M., Jaramillo, V.J., Kheshgi, H.S., LeQuéré, C,,
Scholes, R.J., Wallace, D.W.R. (2001) The carbon cycle
and atmospheric carbon dioxide, Climate Change
2001, 183-237.

Qiu, Z, Yao, T., Mei, T. (2017) Learning spatio-temporal repre-
sentation with pseudo-3d residual networks, Pro-
ceedings of the 2017 IEEE International Conference

on Computer Vision, 5534-5542.

Ramanathan, V.C.P.J,, Crutzen, P.J., Kiehl, J.T., Rosenfeld, D.
(2001) Aerosols, climate, and the hydrological cycle,
Science, 294(5549), 2119-2124.

Rolnick, D., Veit, A., Belongie, S., Shavit, N. (2017) Deep learning
is robust to massive label noise, arXiv preprint arXiv:
1705.10694.

Shen, M., Xue, P. (2011) A fast algorithm for rain detection and
removal from videos, Proceedings of the 2011 IEEE
International Conference on Multimedia and Expo,
1-6.

Shi, X., Chen, Z., Wang, H., Yeung, D.Y., Wong, W.K., Woo, W.C.
(2015) Convolutional LSTM network: A machine
learning approach for precipitation nowcasting,
Advances in Neural Information Processing Sys-
tems, 28, 802-810.

Shin, Y., Hong, B., Lee, J. (2015) Weather condition distinguish-
ing method based data analysis using CCTV video,
Proceedings of Korea Information Science Society
Winter Conference 2015, 247-249.

Simonyan, K., Zisserman, A. (2014) Two-stream convolutional
networks for action recognition in videos, Advances
in Neural Information Processing Systems, 27, 568-
576.

Soomro, K., Zamir, A.R., Shah, M. (2012) UCF101: A dataset of
101 human actions classes from videos in the wild,
arXiv preprint arXiv:1212.0402.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., Salakhut-
dinov, R. (2014) Dropout: a simple way to prevent
neural networks from overfitting, The Journal of
Machine Learning Research, 15(1), 1929-1958.

Szegedy, C., Vanhoucke, V., Loffe, S., Shlens, J., Wojna, Z. (2016)
Rethinking the inception architecture for computer
vision, Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition, 2818-
2826.

Tran, D., Bourdev, L., Fergus, R., Torresani, L., Paluri, M. (2015)
Learning spatiotemporal features with 3d convolu-
tional networks, Proceedings of the 2015 IEEE Con-
ference on Computer Vision, 4489-4497.

Walker, J.C.G. (1980) The oxygen cycle in the natural environ-
ment and the biogeochemical cycles, The Hand-
book of Environmental Chemistry, Springer, Berlin,
Heidelberg, 87-104.

Wang, L., Xiong, Y., Wang, Z., Qiao, Y., Lin, D., Tang, X., Van Gool,
L. (2016) Temporal segment networks: Towards
good practices for deep action recognition, Pro-
ceedings of the 2016 European Conference on
Computer Vision, Springer, Cham, 20-36.




TSNS 0183t =2 24| Fhollzt BA0 29 o4 W 747

Xue, X., Jin, X,, Zhang, C., Goto, S. (2012) Motion robust rain

Authors Information
detection and removal from videos, Proceedings of

the 2012 IEEE International Workshop on Multime-
dia Signal Processing, 170-174.

Zach, C,, Pock, T, Bischof, H. (2007) A duality based approach
for realtime TV-L1 optical flow, Proceedings of the
29th DAGM Conference on Pattern Recognition,
Springer, Berlin, Heidelberg, 214-223.

LiZhun (934340760 G471 4 4217)
AEE G| 29 AT
2570 (@21t & 9 e

J. Korean Soc. Atmos. Environ., Vol. 34, No. 5, October 2018, pp.735-747



	TSN을 이용한 도로 감시 카메라 영상의 강우량 인식 방법
	Abstract
	1. 서론
	2. 실험 방법
	3. 실험 결과
	4. 고찰
	5. 결론
	References


