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Introduction : Approach : Experiment:

» We develop a Single frame Video Parsing (SVP) method which » Contribution e (S SeNGE SE B G DENEE e % EM-Adat VP
requires only one labeled frame per video In training stage to - Single Frame Supervision : the first attempt to segment the human parts in the . ‘
parse one Surveillance video. surveillance video by labeling single frame per training video.

»  Good performance: the feature learning, pixelwise classification, correspondence
mining and the temporal fusion are updated in a unified optimization process and

» Function _ _ _
S t the video f int | label . o left collaboratively contribute to the parsing results.
Ie(;gmen - VITED TTATES T SEVETATTEhEs, €5, 1458, bais, = «  Applicable : the proposed SVP framework is end-to-end and thus very applicable for

real usage.

> Train & Test

* During training, only a single frame per video Is labeled(red box)

* During testing, a parsing window Is slided along the video. The parsing
result(orange box) is determined by iiself, the long-range frame(green
box ) and the short-range frame(blue box).

» Frame Parsing Sub-network

 VideoV ={I, ..., Iy }. The single labeled frame is I, The frame parsing sub-network
produces the rough label maps for the triplet, donated as {P,_;, P;_g, P;}.
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- et Figture5. The test image, the groundtruth label, results of the EM-Adapt and SVP are shown sequentially
Unlabeled frame
;r";:::g | ' V Labeled frame Table 1. Per-Class Comparison of F-1 scores with state-of-the-arts and several architectural variants of our model in Indoor dataset. (%).
. b;ﬁgﬁ:ﬁannggee(::l ) Methods bk face hair  U- L-arm R- pants L- R-leg Dress L-shoe R- bag
Labels Test f t clothes arm leg shoe
est Trame (¢ PaperDoll [37] | 92.62 57.16 5822 6252 19.96 1499 5247 2543 207 992 2066 2441 14.32
rosting LONE-Tange Short-range = N ATR [15] 9362 59.08 60.79 8136 3254 28.65 7540 29.19 29.60 7022 11.68 17.75 48.97
phasi t) | (ts) | t Sliding window ¢ = 2 M-CNN [18] | 9340 5394 59.12 7553 24.46 2051 7846 36.15 2192 4361 1453 1879 53.43
' — Figture3. 1,2 columns: the long-range frame, its the parsing result. 3,4 columns: the short-range frame, CoCNN[LG) |d06 6464 7353 B1.54 2682 3166 77.13 2347 All 7608 1542 7057 4691
Sl ~ its th - it 1.2 col . the test f its th : It FCN-8s [22] 9480 71.35 7490 7953 3355 3229 81.89 3657 3398 4353 33.03 3150 43.66
| supervised video (1)) 8% IS the parsing resuit. 1,2 columns. the test irame, 1ts the parsing result. DeepLab [4] | 93.64 6301 6961 8154 4097 4031 8112 3425 3324 6460 2830 2640 56.50
Parser (SVP) - - - EM-Adapt [26] | 9346 66.54 70.54 7772 4295 4220 82.19 3942 3719 6322 33.18 31.68 53.00
oo > Optlcal Flow Estimation Sub-network SVP1 0468 67.28 72.74 82.12 4296 43.35 8191 39.26 3831 67.17 3147 3038 58.99
. . . . : : SVPs 9465 6627 73.48 83.12 4517 44.80 8272 3862 3843 66.04 3093 3146 5881
Figturel. The process diagram of Training and testing  Estimate the dense cor-respondence between adjacent frames on the fIy. SVP l+c 0444 6729 7376 8306 43.56 43.56 8233 41.36 3946 68.36 3175 31.73 59.04
_ _ L _ SVP s+c 0464 6762 74.13 8348 45.13 45.08 83.21 39.89 40.11 68.17 31.15 3227 5815
» Network F _ L. T where o (a, b) 1s the operation of predicting the optical flow SVP I+ 9450 67.08 7352 8310 4551 4426 8259 41.82 4231 6943 3371 3336 58.58
t,t—Il — ﬂ( ts t—.!)a : : . SVP l+s+c 9489 7028 76.75 84.18 4479 4329 8359 42.69 4030 70.76 34.77 3581 60.43
from a to b. F; ;_.1s estimated similarly.
Convl™ Conv5 Fcb™ Fc8 ’
- Warp A . Table 2. Per-Class Comparison of F-1 scores with state-of-the-arts and several architectural variants of our model in Outdoor dataset. (%).
ﬂ ‘ ’| fi X | ' iny > Tempora.l FUSIOn SUb-ﬂEtWOrk Methods bk face hair  U- L-arm  R- pants L- R-leg L- R-shoe bag
| ] ] ] - - . clothes Arm leg shoe
F * Apply the obtained optical flow F;;_; and F; ;_. to P,_jand P;_ , producing FCN8s [22] | 9200 6264 6558 78.64 2873 2897 7969 3888 908 3204 3056 2945
Corr ¢ : S ~ ~ _ _ ‘ _ ‘ _ _ _ DeepLab [4] 92.19 5865 6672 84.31 4223 3536 81.12 30.64 6.3 37.89 3325 5225
‘7 o | votproc P;_;andP;_. To alleviate the influence of imperfect optical flow, the pixel-wise flow EM-Adapt [26] | 92.68 6084 67.17 8478 4128 3361 8180 4239 728 3954 3220 5431
A G - : SVP1 91.13 6240 67.73 84.64 4518 3140 80.66 3028 5.86 4032 3311 5496
N i! | ; confidence Ct—l,t and Ct—s,t are estimated. SVPs 9251 6425 67.14 84.99 4528 3214 7971 3231 1849 3724 3145 51.58
ﬂ ISPareWeigH . [Estimation 5 Temporal | A | L, B, B, €, 4, B, I 5 SVP l+c 9260 63.76 68.77 84.84 4583 3375 81.67 31.37 19.06 38.54 3351 5357
: « rusion /\__ (@ o B SVP s+c 92.94 6440 69.93 8543 4444 3186 81.65 3588 18.22 3748 3336 54.23
— | Conf A AV iﬁ \_/ Lo I SVP l+s 91.90 6332 69.48 84.84 4209 28.64 8045 31.10 13.28 3852 3552 46.89
estimation | C., - Parsingloss SVP l+s+c 9227 6449 70.08 8538 3994 3582 80.83 3039 13.14 3795 3454 5038
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Flgturef._;_l':e proposkeq smgledframde supe(;wsed video paring (SVP) parsing result and the confidence map. 5~8 columns: the short-range frame, its parsing result, the warped parsing http:/liusi project pag}e: : ISVP h _/f/llpme page.
network. The network is trained end-to-end. result and the confidence map. 9~12 columns: test image, the rough parsing result, refined parsing result and ground ttp://liusi-group.com/projects ttpi/fitusi-group.com

truth parsing result.
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