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ABSTRACT It is difficult for us to do a survey on anomaly detection

. ) ] _and tensor decompositions in this short report. We introduced
In this report, we investigate a method for anomaly detectionapers that are most relevant with our work. We refer the

in surveillance video in a tensor framework. We treat a videQeader to the work of [5, 6, 7] for tensor decompositions and
as a tensor and utilize a stable PCA to decompose it into twggpjications. The remainder of report is organized as follows:
tensors, the first tensor is a low rank tensor that consists Qfection 2 introduces preliminaries of mathematics, section 3

background pixels and the second tensor is a sparse tengfesents our model, section 4 shows numerical results, and
that consists of the foreground pixels. The sparse tensor igction 5 concludes this report.

then analyzed to detect anomaly. The proposed method is a

one-shot framework to determine frames that are anomalous
in a video. 2. PRELIMINARIES

Index Terms— Anomaly detection, Surveillance Video, \we denote the scalars b with lower-case lettera, b, . . .)
Stable PCA, and Tensor. and the vectors with bold lower-case lett¢ssb,...). The
matrices are written as bold upper-case lett&sB, . . .) and
the symbol for tensors are calligraphic lettéss B, . . .). The
subscripts represent the following scalafsd),;, = aijx,

There are a growing interest in anomaly or unusual detec(-A)ij = aij» (a); = a;. The superscripts indicate the dimen-

tion in computer vision and other fields. In computer vision,> > size.
P ’ PLIETVISIOM, A matrix T e R’/ is a second order tensor which has
Zhao et al. [1] proposed to detect anomalous events in video , .
: . ..an SVD of T = UXV’' whereX = diag{o1,02,--- ,0p}
based on a sparse code reconstruction of an dynamic dictio- .
. ' . -Wherep = min{J,J} and U and V are orthogonal ma-
nary. Their method uses the first segment of a video to buil lices. The Frobenius norm &F is defined as|T|r —
a dictionary and dynamically updating the dictionary for new - . . =
observations. An unusual event is flagged when the recon/o7 + 03 + -+ + o2 while the trace class norm is the sum
struction error is larger than a pre-defined threshold. of its singular values, i.e.|T|. = o1 + oo + -+ + 0.
Benezeth et al. [2] incorporated spatio-temporal co-Moreover, thel-norm of T is [ T|1 = >_,; [Ty;[. A rank
occurrences for abnormal event detection. A simple back: matrix T of T, i.e. r < p = rank(T), is defined as
ground substraction is first applied to a video to extract thep _ 7 g v/ — S o ul
motion and spatial position of foreground objects. An MRF e =1 e
model distribution accounts for speed, size, and position of .
the object are combined in learning co-occurrence relationé-1. Tensor Basics and Tensor SVD

ship.  This distribution is then used to classify anomalousl.he order of a tensor refers to the cardinality of the index set.

event based on a pre-defmgd th.reshold. A matrix is a second-order tensor and a vector is a first-order
Our work follows the direction of Wen et al. [3] and {gng0r.

mainly motivated by Sun et al. [4]. Sun introduced several

tensor decomposition methods for anomaly detection in nety.finition 2.1 (Tucker mode product) Given a tensor
work monitoring based on network flows. Wen used the sam% e RIXXK and the matriced), € RIxI U, e RIxJ
framework proposed by Sun for anomaly detection in surveil:,jmd U. € RE*K then the Tucker modzé—products are
lance video. The work proposed by Wen is based on a back. follgws (T o U ) — 1 T...A., (mode-1 prod-
ground modeling that is obtained by low dimensional tensor ' el " i=1 Tk P
decomposition. The anomaly detection is alarmed when thdCt). (7 e2 Uz); ; . = >_;_; TijxB;; (mode-2 product) and
reconstruction error passed an threshold. (T o3 Usg) = Zszl Tij1Cj,, (Mode-3 product).

1. INTRODUCTION
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The tensor SVD is also referred to multilinear SVD (or 3.1. Video Representation

higher- VD). .
igher-order SVD) The proposed method represents a video as a tetisamd

Theorem 2.1 (Multilinear SVD [8]) A third order tensor find the low multi-linear rank¥” and sparset{” tensors
T € R™7*X can be represented as a product for modei = 1,2, 3. The process of converting a tenstre
RI*I*K to matrix X! € R7E*! is known as thainfolding
T=5e1Ure Uz e3Us process. The reverse process of converting a matrix back into
whereU; € RIXI U, € R7%7 andU; € REXK gre or-  atensor is known as the folding process. There are more than
thogonal matrices. The core tenssr € R/*7*K gre the ~ One way to arrange the columns of the matrix whefolding
matricized subtensorS.__ € RI*K S?:a c RIXK gnd  atensor. Our methoanfoldsa tensor into a matrix by slicing

S3__ € RI*7 with the following properties: a_ten.sor into slices. whe_re each slice represent a matrix._ Each
slice is then vectorized into a column vector and stores in the
e all-orthogonality: matrix in chronological order.
(S% —a, ST :ﬁ> = (0&1))25(1,;3, a,B=1,...,1,, For example, a video can be represented as a tetiser
" RIXJ*E ‘wherel and.J are the spatial dimensions of a video
e ordering: frame andK is the total number of framesinfoldingthe ten-
IS7 —1llF 2 IS} _sllr >~ > (IS} _1, IF >0 sor X into mode-3 matrix® € R7*¥ is done by slicing out
where[|SP __[[» = a&") fora = 1,....I, (I, = I.I, = one frame at a time, vectorizes each frame into a column vec-

JI.— Ié;}”& iy = jis = k) tor and store each vector at thg column co_rrespor_1ding to its
3 “=hi2 =00 ' frame position of the tensor. This setup easily obtain an anal-
The usual inner product of matrice§, B € R/*” is denoted  ysis of how spatial information change in time in our model.
by (A, B) = Zij bi;a;;. For a third order tensor, there are Theseunfoldedtensors satisfy the equations in (1) w.r.t. SVD.
three sets of singular valuesgl)’s are modet singular val- In comparison to Fhe work OT [1], which cgmputes salignt
ues.o s are the mode: singular values and®’s are the feature points of a video by using the_ cuboid featurg points
mode-?) singular values. The corresponding madenode2 extractor [9], we use the for_eground plxel_s as our sgllent fea-
and modes singular ve(.:tors are . ug,, andus,, respec- ture Qata. .The feqtqre datain our methpd is more reliable t.han
o Tea o cuboid points. This is due to each cuboid pointis a 3D moving

tively. . : ; .
The following matrix representations of tensor SVD is ob-corner and they are rare in a video. Moreover, cuboid points

tained by unfolding the third-ordéF ands tensors in [8]; are inadequate to represent anomalous activities in a video
since each cuboid point only captures part of an activity. Our

T' = U:8'(U;®Us)", T? = Us8*(Us @ Uy), main idea is to extract the foreground pixels accurately and
T = UsS*(UieUy)" (1) analyze the foreground pixels to determine the frames that

are anomalous.
We denotelt = T/x/K T2 = T/xKI 3 = TKxIJ gnd

similarly for S™. In general, T™ andS™ are mode-n matrix

representation of” ands. 3.2. Stable Principal Component Pursuit

Stable principal component pursuit PCP [10] is a convex pro-
3. MODEL gramming method for separating a tensor data into a sum of
low rank and sparse frames. The following optimization,
In surveillance video, stationary cameras are often used to o
monitor the scene for security threats. It is normal for us to as- minimize |[L||. + A[IS||x
sume that the background pixels remain unchanged through- subjecttoM =L — S

out the video. This enable us to use only the foreground pixels

to detect frames that are anomalous unlike the work proposéﬂ:hie"eS the separation. The algorithm above is based on an
by [3] which relies on the background pixels. augmented Lagrange multiplier ALM [11, 12] with the aug-

In our model, we define a frame as anomalous when thE'€nted Lagrangian as

activities in the current frame standout when compared t W

the activities in the previous frames. Given that we havg(L’S’Y) - ||LH*+)‘”S”1+<Y’M_L_S>+§”M_L_S”%
N frames in the \_/ldeo, we only consider the m(_)st curtent with multiplier Y. The steps in the algorithm coincide with
frames to determine whether the current frame is anomaloui‘he alternating minimization of(L,S,Y) w.rt. L and S
The number of frames used to determine whether the curreflfi e also updatingy. In Fig. 1 I’et’& ) R—> Ris the
frame is anomalous is a small fraction of the total number ' T W

frames in the video. This approach analogous to having a foghrinkage operator defined 8s = sgn(x) max(|z| — 2,0)
getting factor that weights more on recent activities and lesandD,-1(X) = US,-:(X)V’ with X = UXV' is the sin-
on past activities. gular value thresholding operator.



(a) Original Image (b) Mode-1 Low Rank Image (c) Mode-2 Low Rank Image Im- (d) Mode-3 Low Rank Image
age

(e) Mode-1 Sparse Image (f) Mode-2 Sparse Image (g) Mode-3 Sparse Image

Fig. 2. An illustration of PCP decomposition of each mode. Note that each of the low rank and sparse matrices shown abo
are reshaped for demonstration purpose. Beside mode-3, the other two modes have no visual interpretation.

Algorithm 1 (Principal Component Pursuit by Alternating Directions where

1: initialize: Sy =Yy, =0, > 0. ei _ Xi7t 2 .
2: while not converged do t || S ||F

— —1 . . .
S L *gﬂ"%‘ % +‘1ﬁ3}’,) When the error of a frame is greater than two standard devi-
d k+1 = ©xp-1 — L+ k) . . .
5 compute y,cil — Yot (M — L,fﬂ = Shen); ations from the mean, the frame is an outlier a_nd labelled as
6: end while an anomalous frame. We only used the previdufames
7: output: L, S.

instead of all of the frames to determine whether the current
frame is anomalous.

Fig. 1. PCP

4. NUMERICAL EXPERIMENTS

3.3. Low Multilinear Rank and Sparse Tensors

) . _ We downloaded two videos from AVSS and VISOR datasets
For each mode, wenfoldthe tensor into a modematrix by to demonstrate our algorithm. We used 150 frames of a man
taking one slice at a time in chronological order, satlsfylngwa|king down in a subway station and created a tensor by
(1). Each slice is then a matrix, and the matrtix is vectorizediacking up the frames. We themfoldedthe tensor to 3
into a col_umr) vector to store it at a columnXt. Although modes and applied PCP to decompose the data into a low rank
the ordering is not important in general, we should point ougnd sparse matrices for each model. The matricefoited
that when dealing with time data, it is important to have theyack into sparse and lower rank tensors for each mode. An

data in chronological order. Then for each malkwe ap- jjjystration of the PCP tensor decomposition is shown in Fig.
ply the PCP algorithm: 2. The top left image is an original frame in a video and the
minimize||L7[. + A||S[ other columns are the decomposed into low rank and sparse

matrices of the same frame of the video.

Our method is a one shot method for determining a set of
The low rank tensors are discarded after the tensors decorffames that are anomalous based on the criteria of (2). Our
position step. result is illustrated in Fig. 4 of a man waiting for a subway

To detect anomaly, we calculate the mean of Frobeniuto arrive. He then leaves the scene with his belonging behind.
norms of each frameof X% and apply the following criteria  The proposed algorithm was able to determine this and la-
to detect anomaly: belled those frames as anomalous due to a sudden change in
the foreground tensors.

3 3 . . . .
Zei < Z [mean(e§ E‘:tfR) +2.std (e§ 3‘:&3)] . @ The VISOR video is captured in a laboratory of people
i=1 i=1

subject toX® = L’ — S°

walking around with a person opening a locker. A sample of



these frames are illustrated in Fig. 5. The criteria of (2) is also 5. CONCLUSION

used to determine outliers. Fig. 3 shows the Frobenius norm

of each frame and the frames with Frobenius norm above thi@ this report, we proposed a video anomaly detection algo-
red line are consider outliers and anomalous. The frames ifithm via low-rank and sparse decompositions. Our work fo-

this sequence labelled as anomalous are shown in Fig. 6.
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Fig. 3. Plot of Frobenius norm of sparse tensor of VISOR data

cuses on extracting the foreground pixels accurately and ana-
lyze the foreground tensors for frames that are anomalous in
a one shot framework. We plan to extend this framework to
subspace anomaly detection for events instead of frames.
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open a lock to get items from the locker.
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Fig. 6. The images above are a sample of frames from ViSOR dataset. It captured a lab of people walking around and a pers
open a lock to get items from the locker.



