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Introduction: STSOM Deep Network for Dynamic Object Detection : Evaluation on the CDnet 2014 Dataset :
> Modern detection algorithms are generally attained by background > A new frame of a video enters into this network and then its dynamic objects will
moc!ellng. The difficulty of background modeling is to tackle background be extracted layer by layer till the last output layer. Method FMyveran FMpr, FMoy FMpg FMioy FMsy FMry FMpw FMyp FMyy FMprz FMry
motions. STSOM 0816 0.957 0.888 0923 0.835 0910 0.848 0.892 0.812 0.563 0.575 0.800
: : _ IUTIS-5 0771  0.956 0.833 0.890 0729 0.908 0.830 0824 0774 0529 0428 0.783
Motivations: ered ) SharedModel 0747 0952 0.814 0822 0672 0845 0831 0798 0728 0541 038 0.733

SuBSENSE 0.741 0950 0.815 0.817 0.656 0.864 0.817 0.86/ 0.644 0.559 0.347 0.779
PAWCS 0.740 0939 0.813 0893 0.776 0871 0.832 0.815 0.658 0.415 0.461 0.645
C-EFIC 0.730 0930 0.824 0.562 0.622 0.845 0.834 0.786 0.680 0.667 0.620 0.627

> We conclude that the motions of complex background mainly have two
properties:

» Variation of the global background in the space. It is mainly caused by the zoom, Fl\gg 8%2 g-ggg 8-32? 8-;2; g-;gg 8-22? 8-3;2 8-32 8-232 82}2 8-2;21 8;’3
translation, jitter, etc, of the camera. We refer to it as the spatial property of S-Subsense 0717 0948 0.807 0815 0601 0865 0.685 0859 0651 0534 0339 0751
background motion. SMSOM . 0944 0732 0675 - . 0793 - i i i i

° Variation Of the |Oca| background in the t|me |t main|y indicates the dynamiC SOBS 0.596 0.933 0.705 0.643 0.562 0.721 0.683 0.662 0.546 0.450 0.040 0.488

KDE 0568 0909 0.572 0596 0408 0.766 0742 0757 0547 0.436 0036 0.447

elements in background and at different frames, such as river, fountain and bad

_ _ GMM 0.556  0.838 0.596 0.633 0.520 0.715 0.662 0.738 0.537 0.409 0.152 0.466
weather. We refer to it as the temporal property of background motion.

Contributions: Evaluation of Pre-training and Fine-tuning :
> We propose a new STSOM and train it in two aspects, using the whole Figure 2. The architecture of the STSOM deep network. '
frames from spatial perspective and using the sequence of a pixel over > Spati - - 1.4 WP e e e m— 14l
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time from temporal perspective. Then we propose a new method based on P J P J p | 2 ! B I e e ]
Bayesian parameter estimation to automatically learn the spatio-temporal d d (t) = [|(v}(t)sk(t) Cos(hz( ), vh()st (¢) sin(hL(t)) §°° £ 08| FENF=ENG RS § 081 [ s DRI
threshold of background filtering. In order to further accurately model the Dapatiat Z ot ! ) — (wh (Ol () cos(w (8) o ~—presion | ol o LA ~precison |
complex background, we stack multiple STSOMs to form a deep network ~ * () — argmm{ D (t),g=1,2,..,Q) i W, ()2, Whiq ")) 02| e 02 +5.?§ZQSUJ O2ff | RO
with a STSOM as a layer. The different parts of complex background are spatial q spatial-q T wy,, (w;,, () sin(wy,, (1)), wy,, (6)][3- Geee0 o 540 om0 Gee0 o 0 w0 o0 w0 e
s;ﬁcﬁ{s;cienlg Omuc?[ciﬁleecti) :g/kglrféirneg:alsﬁrsy 'Il;lr;/ee rdg?]?jrm; Zggrﬁznigeafgtected wf;q(t 1) = ug wﬁq(t) Qtrain * ( F! (t) — lq(t)) - - - (a) pre-training & fine-tuning (b) 7! =0.01, without pre-training ~ (e) 7! = 0.01, with pre-training
increasingly accurate with the deeper layer. > Temporal Weight Updating L ) Evaluation of SSOM, TSOM and STSOM :
Se'f-Organizing Map: q'i.temporal(t) = a'rgmzn{d (t),q=1,2,...,,Q} = B —
= _ _ . ll('(, | — — - -
F(1): the tth input node, > Forward Propagation S - Sh——
> w(t): weight vector node, N/o? : ~ dynamic regiqn]
: : " g, K "
> (. the |.ndeX of the YVlnner nO.de, Z;/::; N/a N 1/52 ch,ve ; N/0-2 N 1/5,\2 Yi Figure 3. Estimation of ~; and 5@2 with MLE. (a) original image (b) ground truth (c) with pre-training (e) TSOM result (f) SSOM result
which is the one with the weight P i g Evaluation of Deep Network :
vector w(t) that has the smallest /() L(i. ZlnN NP §i = 1/|Ci| Y Flpes P .
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