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Abstract—Anomaly comprehension in surveillance videos is
more challenging than detection. This work introduces the design
of a lightweight and fast anomaly comprehension neural network.
For comprehension, a spatio-temporal LSTM model is developed
based on the structured, tensorized time-series features extracted
from surveillance videos. Deep compression of network size is
achieved by tensorization and quantization for the implemen-
tation on terminal devices. Experiments on large-scale video
anomaly dataset UCF-Crime demonstrate that the proposed
network can achieve an impressive inference speed of 266 FPS
on a GTX-1080Ti GPU, which is 4.29 faster than ConvLSTM-
based method; a 3.34% AUC improvement with 5.55% accuracy
niche versus the 3D-CNN based approach; and at least 15k×
parameter reduction and 228× storage compression over the
RNN-based approaches. Moreover, the proposed framework has
been realized on an ARM-core based IOT board with only 2.4W
power consumption.
Index Terms—anomaly comprehension, surveillance videos, AI

on IOT

I. INTRODUCTION

Fast comprehension (detect and classify) of low-probability
anomalous (e.g., violent or illegal) events in surveillance
videos are nontrivial [1], [2], especially on resource-limited
terminal or edge devices. Among various works, a typical so-
lution is to track motion cues in a video stream, such as color,
texture and optical flow [3], [4]. Other approaches use mixtures
of probabilistic principal components on sparse dictionary [5],
k-Nearest Neighbours [1], as well as Gaussian regression [6]
etc. Nonetheless, all these traditional methods are limited
by the low-level cues of frame pixels with limited accuracy
and speed. Recent schemes based on deep learning have
successfully achieved anomaly detection in videos [7], [8].
They employ convolutional neural networks (CNNs) to process
video frames one by one to extract features of objects, which
however are not able to identify the temporal relationship
of objects, i.e., activities. Other works use Recurrent Neural
Networks (RNNs) as well as their Long Short-Term Memory
(LSTM) variants to build networks with memory for anoma-
lous activity detection [9]. However, the dense computation
with raw data in RNN and LSTM incurs heavy memory and
storage requirements, and hence is slow as well as inaccurate.
Recently, two-stream CNN is applied [10] to separate spatial
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TABLE I
COMPARISON OF RELATED WORKS.

Approach
Detection Classification

Object Activity Object Activity

Non-AI
Traditional methods [1],

e.g., k-Nearest Neighbours
× � × ×

Low-level motion cues [4],
e.g., texture, optical flow

× � × ×

AI

Single-frame features [7],
e.g., CNNs

� � × ×
Sequence information [9],

e.g., RNNs, 3D-CNN
× � × �

Proposed framework � � � �

and temporal computation. Pre-trained CNNs [11] are used to
generate non-structured features to construct RNNs. 3D-CNNs
are also proposed [12], [13] to learn video representations by
replacing the 2D convolution with 3D spatial convolutions.
Nevertheless, all the aforementioned methods are limited to
anomaly detection without classification, and cannot be real-
ized on resource-limited edge or terminal devices.

In this paper, our contributions are threefold:

• We devise a novel anomaly comprehension (viz. detec-
tion+classification on both anomalous object and activi-
ty) network for surveillance videos.

• We build an LSTM-based spatio-temporal model from
structured, tensorized time-series features instead of di-
rectly working on the raw video frames or non-structured
features.

• We achieve deep compression with tensor decomposition
and trained quantization (8-bit), resulting in a lightweight
realization on an ARM-core based IOT board.

Table I compares various related works and highlights the
difference of the proposed framework. In our experiments,
instead of using the typical frame-labeled anomaly dataset,
we benchmark on the large-scale video-labeled dataset UCF-
Crime [2]. Experiments show that the proposed framework can
achieve an impressive inference speed of 266 FPS on a GTX-
1080Ti GPU, which is 4.29 faster than ConvLSTM-based
method; a 3.34% AUC improvement with 5.55% accuracy
niche versus the 3D-CNN based approach [13]; and at least
15k× parameter reduction and 228× storage compression over
the RNN-based approach [9].

In the following, Section II presents the spatio-temporal
LSTM model processing the structured, tensorized time-series
features. Section III elaborates the deep compression via tensor
decomposition and trained quantization. Section IV presents
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Fig. 1. The proposed framework of anomaly comprehension for surveillance videos.
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Fig. 2. Comparison between the standard methods with raw video frames or
non-structured features and the proposed spatio-temporal LSTM model with
structured, tensorized time-series features.

the network realization on an ARM-core based IOT board.
Section V presents results on several large-scale datasets and
Section VI draws the conclusion.

II. SPATIO-TEMPORAL LSTM MODEL

This section elaborates the proposed anomaly comprehen-
sion framework shown in Fig. 1, whose design considers both
the network algorithm and hardware realization. To achieve
comprehension (detection+classification) on both object and
activity in the videos, we introduce a spatio-temporal LSTM
model as follows.

Structured, tensorized time-series features: Instead of us-
ing raw video frames or non-structured features, we construct
a spatio-temporal LSTM model with the structured, tensorized
time-series features aggregated from a CNN feature extractor.
As shown in Fig. 2, the feature extractor uses several convo-
lutional layers to learn the distilled features from raw video
frames, namely Ft ∈ Rl1×l2 (l the mode size of dimension).
After that, we stack the deeply learned time-series features into
a structured tensor X t ∈ Rl1×l2×...×ld (d the dimensionality
of tensor) and feed it into the spatio-temporal LSTM model
for the anomaly comprehension. The proposed process can
be represented by: extract(Ft) = X t, where the extract
operation represents the corresponding extraction method in
feature extractor. Then the LSTM cells (consisting of fully-
connected layers) in the LSTM network take the structured,
tensorized time-series features X t as inputs, instead of raw
video frames Ft or non-structured features xt, to learn the
spatio-temporal information. Each LSTM cell keeps track of
an internal state that represents its memory and learns to

update its state over time based on the current input and past
states, as in the following:

St = σ(WsX t + UsHt−1 + Bs), Zt = σ(WzX t + UzHt−1 + Bz),

Dt = σ(WdX t + UdHt−1 + Bd), C̃t = tanh(WcX t + UcHt−1 + Bc),

Ct = St � Ct−1 +Zt � C̃t, Ht = Dt � tanh(Ct), (1)

where � denotes the element-wise product, σ(◦) represents
the sigmoid function and tanh(◦) represents the hyperbolic
tangent function. Ht−1 and Ct−1 are the previous hidden
state and previous update factor, Ht and Ct are the current
hidden state and current update factor, respectively. The weight
matrices W∗ and U∗ weigh the input X t and the previous
hidden stateHt−1 to update factor C̃t and three sigmoid gates,
namely, St, Zt and Dt. It should be noted that all these
parameters have been performed with tensorization.

For each frame in video anomaly comprehension, the LSTM
cell computes their information by combining previous states
and current features. Therefore, all video information can be
captured from the beginning till the current frame. However,
the proposed framework still suffers from high dimensional
inputs and huge number of parameters, making it hard to train
and susceptible to overfitting. To solve this, a deep compres-
sion using the tensor decomposition and 8-bit quantization is
applied to the whole framework, described in the next section.

III. DEEP COMPRESSION

The proposed framework is highly integrated and com-
pressed to be hardware friendly and execute fast on edge or
terminal devices. To satisfy these requirements, we systemati-
cally develop the tensorized and quantized compression on the
spatio-temporal LSTM model.

A. Structured Tensor Compression

A tensor is a d-dimensional generalization of a vector or
matrix, denoted by calligraphic letters X ∈ R

l1×l2×...×ld

whereX (h1, h2, . . . , hd) is an element specified by the indices
h1, h2, . . . , hd.

The total number of elements is l1l2 · · · ld which grows
exponentially as d increases. In practice, tensor decomposition
is used to find a low-rank approximation that expresses the
original tensor by a number of small tensor factors. This
often reduces the computational complexity from exponential
to only linear, thereby eluding the curse of dimensionality. In
our proposed framework, the initial inputs of spatio-temporal
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Fig. 3. Decomposing a 3-way tensor into tensor cores.

model are time-series features, which are already structured
into a 3-dimensional tensor. In fact, we adopt tensor train [14]
as the structured tensor compression method, which scales
nicely with the tensor dimensions. Given a d-dimensional
tensor X , the decomposition reads

X (h1, h2, . . . , hd) =

r1,...,rd−1∑
α1,...,αd−1

G1(1, h1, α1)

G2(α1, h2, α2) . . .Gd(αd−1, hd, 1),

(2)

where Gk ∈ R
rk−1×lk×rk is the tensor core and rk is the

tensor train rank, αk is the summation index ranging from
1 to rk. Using the notation Gk(hk) ∈ R

rk−1×rk (a matrix
slice from the 3-dimensional tensor Gk), (2) can be written
compactly as

X (h1, h2, . . . , hd) = G1(h1)G2(h2) . . .Gd(hd). (3)

The decomposition of a 3-dimensional tensor is intuitively
shown in Fig. 3. Since each integer lk in (3) can be further
decomposed as lk = nk · mk, each tensor core Gk can be
reformed with Gt

k ∈ R
nk×mk×rk−1×rk , and Gt

k(jk, ik) ∈
R

rk−1×rk . Therefore, the decomposition for the tensor X ∈
R
(n1×m1)×(n2×m2)×...×(nd×md) can be reformulated as:

X ((j1, i1), (j2, i2), . . . , (jd, id)) = Gt
1(j1, i1)Gt

2(j2, i2) . . .Gt
d(jd, id).

(4)

Such double-index trick is then used to tensorize an LST-
M. Specifically, the most costly computation in LSTM is
the large-scale matrix-vector multiplication generically rep-
resented as y = Wx + b where W ∈ R

N×M is the
weight matrix, x ∈ R

M is the feature vector, b ∈ R
N

is the bias vector. To approximate Wx with much fewer
parameters, we first reshape W ∈ R

N×M into a tensor
W ∈ R(n1×n2×···×nd)×(m1×m2×···×md), where N = Πd

k=1nk

and M = Πd
k=1mk. Following (4), W(h1, h2 · · · , hd) can be

rewritten as Gt
1(j1, i1)Gt

2(j2, i2) . . .Gt
d(jd, id). Similarly, we

can reshape x ∈ R
M , b ∈ R

N into d-dimensional tensors
X ∈ R

m1×m2×...×md , B ∈ R
n1×n2×...×nd . As a result, the

output y ∈ R
N also becomes a d-dimensional tensor Y ∈

R
n1×n2×...×nd . Therefore, the matrix-vector multiplication is

now in the tensor form with usually low-rank cores

Y(j1, j2, . . . , jd) =
m1∑

i1=1

m2∑
i2=1

. . .

md∑
id=1

[Gt
1(j1, i1)Gt

2(j2, i2) . . .

Gt
d(jd, id) X (i1, i2, . . . , id)] + B(j1, j2, . . . , jd).

(5)

Therefore, all fully-connected matrix-vector products in E-
q. (1) can be tensorized similarly to Eq. (5).

B. Trained Quantization

The original network with full-precision parameters requires
unnecessarily large software and hardware resources. Here we
present an 8-bit quantization strategy on the whole framework

for further compression (we determine the best quantization
bitwidth by testing all realizations from 4-bit to 10-bit). Pre-
vious work [15] has suggested using quantization constraints
during neural network training called trained quantization.
Since the main parameters in an LSTM are weights and
features, a quantized LSTM with 8-bit weights and features
can result in high compression and efficiency. Assuming wk

is the full-precision weight entry, it can be quantized into its
8-bit counterpart wq

k as:

w
q
k =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

wk
|wk| , 0 < |wk| ≤ 1

27
,

floor(27 × wk),
1
27

< |wk| < 1,
(27 − 1) wk

|wk| , |wk| ≥ 1,
0, |wk| = 0,

(6)

where the function floor takes the smaller nearest integer. We
also enforce 8-bit features by quantizing a real feature element
xk into its 8-bit xq

k ∈ [0, 1]:

x
q
k =

1

28
×
{
floor(28 × xk), 0 ≤ xk < 1,

28 − 1, xk ≥ 1. (7)

The batch normalization and max-pooling layers are also
quantized into 8-bit similarly.

IV. ANOMALY COMPREHENSION ON TERMINAL DEVICES

The proposed framework integrates the 8-bit-quantized fea-
ture extractor and the tensorized and 8-bit-quantized LSTM
(named tqLSTM) which takes structured, tensorized time-
series features for anomaly comprehension. The overall work-
flow is shown in Fig. 4, first, the video clip is fed into the
8-bit-quantized feature extractor as inputs. Then, the extracted
time-series features are structured into a tensor and fed into
the tqLSTM. We note in passing that the time-series features
are coming from the last convolution layer of the CNN-
based feature extractor, which can also be processed for

Fig. 4. Workflow of the proposed anomaly comprehension for surveillance
videos on terminal devices.

Fig. 5. Architecture of the used ARM-core based IOT terminal device.
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Fig. 6. Average precision comparison between 8-bit feature extractor qYOLO
and full-precision YOLOv2-tiny on classes: (a) cat, (b) motorbike, (c) bus and
(d) horse.

the real-time object detection and classification. Finally, the
detection+classification results on both object and activity
towards the anomaly comprehension are obtained.

Remarkable speedup, energy-efficiency and saving in re-
sources are delivered by the tensorization and quantization,
which make the proposed framework lightweight and hardware
friendly. To realize the anomaly comprehension on terminal
devices, we use an ARM-core board with 6GB RAM memory
and 64 GB ROM storage. This board contains a cluster of four
ARM Cortex-A73 cores with 2.36 GHz working frequency
and four ARM Cortex-A53 cores with 1.80 GHz working
frequency, whose architecture is shown in Fig. 5. These cores
are organized in a big.LITTLE configuration [16].

V. EXPERIMENTS

We develop the feature extractor based on YOLOv2-
tiny [17] and its 8-bit-quantized version is called qYOLO. We
first evaluate the proposed anomaly comprehension framework
on GPU. The initialization environment is set as: Theano in
Keras with a single NVIDIA GTX-1080Ti. Benchmarking
is made on the large-scale anomalous activity dataset UCF-
Crime [2] and the object dataset VOC [18]. The UCF-Crime
contains 1, 900 untrimmed surveillance videos with 128 hours
in total, falling into 13 real-world anomalies (Abuse, Robbery,
Stealing, Fighting, etc.) of importance for public safety. The
dataset VOC contains 11, 530 images with 27, 450 annotated
objects, falling into 20 subclasses.

A. Evaluation on Object

For the anomaly comprehension on object, we use the
Average Precision (AP) score to evaluate object detection
and classification. The AP scores on several representative
subclasses in VOC of the proposed 8-bit feature extractor and
the full-precision one are reported in Fig. 6. It can be seen
that the 8-bit qYOLO produces AP curves close to the full-
precision ones. Due to the outstanding performance, we can
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Fig. 7. ROC curves for UCF-Crime by various popular schemes.

TABLE II
AUC COMPARISON WITH STATE-OF-THE-ARTS ON UCF-CRIME.

Approach AUC

Traditional methods
Auto-Encoder-based [3] 50.60
Dictionary-based [5] 65.51

Single-frame features
CNN [7] 66.28
ConvLSTM [8] 59.64
ConvLSTM-AE [19] 61.92

Sequence information

Vanilla-RNN [9] 55.36
Original LSTM [20] 57.06
Two-stream CNN [10] 69.59
3D-CNN [13] 75.41

Traditional CNN+RNN CNN+RNN [11] 72.64

Proposed qYOLO+tqLSTM 78.75

further develop it to detect and classify anomalous objects in
surveillance videos based on an anomalous object dataset (a
customized one is introduced in Section V-D).

B. Evaluation on Activity

We now demonstrate that a unique benefit arises from
the use of structured, tensorized time-series features, namely
accuracy improvement under deep compression. Similar to
most existing works, we use frame-based Receiver Operating
Characteristic (ROC) and Area Under the Curve (AUC) to
evaluate the accuracy. Here we report the experimental results
using UCF-Crime in three scenarios.

Anomalous activity detection – We use 800 normal and
810 anomalous videos for training, and 150 normal and 140
anomalous videos for testing. The tqLSTM output is a binary
classifier: normal or anomaly. Several representative ROC
curves are shown in Fig. 7, and the AUC comparisons against
other popular schemes are shown in Table II. It can be seen that
tqLSTM significantly outperforms all approaches. The AUC of
the proposed qYOLO+tqLSTM framework can reach 78.75%
with 3.34% higher than the next best 3D-CNN approach and
16.83% higher than the ConvLSTM-AE based approach.

Specific anomalous activity detection – We use 800 nor-
mal and 50 ∼ 150 anomalous videos from one of the 13
subclasses to train tqLSTM. The tqLSTM output is a binary
classifier: normal or activity-specific anomaly. For this specific
anomalous activity detection, two state-of-the-art detectors
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Fig. 8. AUC comparison with state-of-the-arts on each anomalous activity subclass in the UCF-Crime dataset.

TABLE III
ACCURACY COMPARISON ON ANOMALOUS ACTIVITY CLASSIFICATION.

Approach TCNN [21] 3D-CNN [13] qYOLO+tqLSTM

Accuracy 23.00% 28.40% 33.95%

TABLE IV
PERFORMANCE EVALUATION ON COMPRESSION: THE NUMBER OF

PARAMETERS INVOLVED IN THE INPUT-TO-HIDDEN MAPPINGS.

Approach Parameters Storage size

Vanilla-RNN [9] 95, 656, 800 976.9MB
Original LSTM [9] 29, 491, 200 661.5MB
ConvLSTM [8] 41, 834, 200 783.4MB
ConvLSTM-AE [19] 32, 191, 600 712.1MB
GRU [9] 30, 118, 400 691.3MB

qYOLO+tqLSTM 1960 2.9MB

TABLE V
THE PERFORMANCE EVALUATION ON INFERENCE SPEED: THE RUNTIME

INVOLVED IN THE REAL-TIME PROCESSING OF A SAMPLED

SURVEILLANCE VIDEO IN 12 MINS.

Approach Runtime FPS

Dictionary-based [5] 148.8s 150
ConvLSTM-AE [19] 362.3s 62
3D-CNN [12] 171.6s 130
Original LSTM [9] 156.0s 143
Traditional CNN+RNN [11] 194.1s 116
qYOLO+tqLSTM 83.9s 266

are chosen for comparison: a K-means approach [1] and a
KUGDA approach [1]. Fig. 8 shows the AUC comparison
on all 13 anomaly subclasses. The proposed scheme reaches
an average AUC of 76.43%, which is 19.02% higher than
KUGDA and 23.29% higher than K-means.

Anomalous activity classification – We use the same training
data as in the specific anomalous activity detection case, but
this time the tqLSTM has 14 outputs, namely, it classifies one
of the 13 anomalies or normal. Since the UCF-Crime videos
are long, low-resolution and noisy, all schemes perform poorly.
Nonetheless, it can be seen from Table III that tqLSTM still
outperforms others, and in particular 5.55% higher than 3D-
CNN based approach [2].

C. Performance Quantification

Besides the excellent capability and accuracy of the pro-
posed framework by qYOLO+tqLSTM, the model compres-
sion and its operating speed are also remarkable compared
to existing methods. Table IV shows the comparison on stor-
age size. Evidently, tqLSTM achieves excellent compression
which fares at least 15k× parameter reduction and 228× s-

Fig. 9. Realization of the proposed framework on an ARM-core based IOT
terminal device.

torage compression versus other RNN-based approaches. Note
that reducing the parameters from tens of millions to thousands
helps model to achieve remarkable speedup as well as saving
in resources. We also observe from Table V that tqLSTM runs
at 266 FPS (Frames Per Second), which is considered to be
“very fast” for surveillance videos.

D. Evaluation on IOT Board

After the evaluation on GPU, we further report the exper-
iment results of the proposed anomalous activity comprehen-
sion framework on an ARM-core based IOT board. The test
verification platform is shown in Fig. 9, which comprises of
an ARM-core based IOT board, a DC regulated power supply
and a computer monitor. Using a customized anomaly dataset
(object-labeled with fire and smoke, activity-labeled with
explosion), we can obtain the visual results of anomaly from
the monitor, as seen in Fig. 9. When the anomalous activity
comprehension is running, the memory consumption is up
to 700M, consuming only 12% of all 6GB RAM memory.
Furthermore, the average power consumption of the proposed
framework is measured to be 2.4W. By sampling some surveil-
lance videos using the proposed anomaly comprehension
framework, the visual results of detection+classification on
both object and activity are shown in Fig. 10. We observe
that all existing objects and activities in these videos can be
detected and classified precisely in real time.

VI. CONCLUSION

We have proposed a lightweight yet accurate anomaly
comprehension network for surveillance videos. The network
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Fig. 10. Sample visual results of the proposed framework for anomaly comprehension on UCF-Crime.

is built on top of a tensorized and (8-bit) quantized LSTM
network processing structured, tensorized time-series features
extracted from a (8-bit) quantized CNN. We have implemented
the proposed network on an ARM-core based IOT board with
only 2.4W power consumption. Such CNN+RNN solution
is proposed for the first time in anomaly comprehension,
which readily outperforms other state-of-the-arts on the large-
scale UCF-Crime dataset: inference speed of 266 FPS on
a single-GPU machine; a 3.34% AUC improvement with
5.55% accuracy niche versus the 3D-CNN based approach;
and at least 15k× parameter reduction and 228× storage
compression over RNN-based approaches.
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