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Abstract

Anomaly detector models are often trained using only normal data, due to the difficulties
in collecting anomalous events. Several works utilize pseudo anomalies, made from the
normal data, to enforce autoencoder based model to poorly-reconstruct anomalies while
well-reconstructing normal data. In this work, on top of the previously proposed model, we
add triplet loss to enforce the separability between normal features and pseudo anomalous
features. Experiment on PedZ2 dataset shows the effectiveness of triplet loss to train a more

discriminative model.

I . Introduction

Anomaly detection is problem to separate anomalous
data from the normal data. One of the applications is for
detecting anomalous behaviors in surveillance videos.
However, due to the difficulties in collecting anomalous
data, the training of anomaly detector models is often
conducted using only normal data.

One way to build anomaly detector trained using only
normal data is to train an autoencoder (AE) to well-
reconstruct its normal input [1-3]. Despite trained
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using only normal data, AE can unfortunately also well-
reconstruct anomalous data, which results in the low
capability to discriminate between normal and
anomalous data.

Several works synthesize pseudo anomalies by
augmenting the available normal training data [2,3].
The pseudo anomalies are then used to assist the
training the AE so that the AE can poorly-reconstruct
out-of—normal data, in addition to well-reconstruct the
normal data. In this work, we extend the work from [3]
and further separate the normal and abnormal features
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Figure 1. (a) Overall training configuration of our method. (b) Illustration of triplet loss.
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using triplet loss [4]. Our experiment on Ped2 dataset
[5] demonstrates that triplet loss further improves the
discriminative capability of AE in detecting anomalies.

II. Method

The overall training configuration of our method is
illustrated in Fig. 1(a). The overall training loss consists
of a reconstruction loss Lz and a triplet loss Ly as
follows:

L=Lg+ulr,
where u is weighting hyperparameter and L is same
as [2], i.e. mean squared error between X and X in
case of normal anchor data and negative error in case
of pseudo anomalous anchor data.

To increase the discriminative capability, we add Lg
that processes latent features of anchor F, positive Fp,
and negative Fy data taken after the encoder. The
features are then global average pooled P before the
final triplet loss is calculated:

Ly = max (o,m +d(P(F),P(Fp)) - d(iP(F),?(FN))),
where d(.,.) is 2-norm distance and m is margin
hyperparameter. Simply, as illustrated in Fig. 1(b), this
loss encourages the distance between same class
(anchor and positive pair) to be minimized while the
distance between different classes (anchor and
negative pair) to be maximized. This loss is originally
used for face recognition to make the face features
from same person to be close and from different person
to be far [4]. The margin can stabilize the training so
that it is enough when d(P(F),P(Fp)) is already smaller
than d(P(F),P(Fy)) by m. In our method, if X comes
from normal data, Xp is another normal data while
Xy is the pseudo anomaly generated from the anchor.
Whereas, if X is pseudo anomalous data, Xy is another
pseudo anomalous data while Xp is the normal data
used to synthesize X.

III. Experiments

We utilize the same 3D-AE architecture used in [2]
that takes input of size TXCXHXW =16 X1 X 256 X
256 and output reconstruction of the same size, where
T, C, H, W are time, channel, height, and width
dimensions, respectively. The latent features between
the encoder and decoder (F,Fp,Fy) have size of
2 X 256 x 16 x 16. Global average pooling averages the
feature in the spatial dimension and combines the time
and channel dimensions, which leads to a feature of size
512. This feature is then used to calculate d(.,.). We
also follow [2] for the pseudo anomalies, i.e. skipping—
frame with probability p = 0.01 and number of skipped
frames s =[2,3,4,5]. Anomaly scores during test time is
calculated using min-max normalization of the
reconstruction loss, same as [2]. u and m are set to
0.005 and 10, respectively.

We conduct the experiment in Ped?2 [5], a video
anomaly detection dataset. AUC (Area Under ROC
Curve) comparisons with other methods can be seen in
Table 1, which shows the superiority of our method
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against several state-of-the—art approaches.
Specifically, without triplet loss, the AE yields
performance of 98.4% AUC [2]. Adding triplet loss to
the training boosts the performance to 98.9%, which
demonstrates the effectiveness of triplet loss in
improving the discriminative capability of anomaly
detector.

Table 1. AUC comparisons on Ped2 dataset.

Method AUC
AE-Conv2D [1] 90.0%
LNTRA-skip frame [3] 96.5%
STEAL [2] (ours without triplet loss) 98.4%
Ours 98.9%

IV. Conclusion

In this work, we propose adding triplet loss to enforce
separation between normal and anomaly (represented
by pseudo anomaly during training) of AE-based
anomaly detector model. Experiments on Ped?2 dataset
shows the performance improvement of using triplet
loss compared to not using it.
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