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Abstract. Existing methods for anomaly detection based on memoryaugmented autoencoder (AE) have the following drawbacks: (1) Establishing a memory bank requires additional memory space. (2) The fixed
number of prototypes from subjective assumptions ignores the data feature differences and diversity. To overcome these drawbacks, we introduce
DLAN-AC, a Dynamic Local Aggregation Network with Adaptive
Clusterer, for anomaly detection. First, The proposed DLAN can automatically learn and aggregate high-level features from the AE to obtain
more representative prototypes, while freeing up extra memory space.
Second, The proposed AC can adaptively cluster video data to derive initial prototypes with prior information. In addition, we also propose a dynamic redundant clustering strategy (DRCS) to enable DLAN
for automatically eliminating feature clusters that do not contribute to
the construction of prototypes. Extensive experiments on benchmarks
demonstrate that DLAN-AC outperforms most existing methods, validating the effectiveness of our method. Our code is publicly available at
https://github.com/Beyond-Zw/DLAN-AC.
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Introduction

Unsupervised anomaly detection is to automatically detect events that do not
meet our expectations in videos [1, 5, 7, 34, 49]. This is a challenging task, its
challenges mainly come from three aspects: (1) There is no clear definition of
abnormal behavior, because whether the behavior is abnormal depends on the
current environment. (2) Abnormal events rarely occur and cannot be exhaustively listed, which means that it is impossible to collect all abnormal samples.
(3) Annotating abnormal frames in a video is an extremely time-consuming task.
Due to the limitations of these factors, most current methods only use normal
samples for training, and to learn normal behavior patterns. At inference time,
samples that are far from the normal pattern are regarded as abnormal.
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The video frame reconstruction and prediction based on autoencoder (AE)
thus far are widely used unsupervised video anomaly detection (VAD) paradigms.
Such methods have shown promising results, but there are still some limitations.
The main limitation is that the generalization ability of AE is so powerful that
even some abnormal frames can be reconstructed or predicted well [11], [54]. Several works are proposed to overcome the above limitation. For example, Gong et
al. [11] and Park et al. [31] both proposed to record prototypes of normal data
by inserting a memory bank into AE, which can enhance the ability of AE to
model normal behavior patterns. These two works, to a certain extent, lessen
the representation of AE for abnormal video frames, but there are two obvious
shortcomings: (1) They need to build a memory bank to store the prototypes of
normal data, leading to additional memory overhead. (2) Setting the number of
prototypes in the memory bank based on subjective assumptions, which ignores
the inherent feature differences in various scenarios, besides, simply setting the
same number of prototypes for different datasets limits the features diversity.
Recently, Lv et al. [27] proposed a meta-prototype network to learn normal dynamics as prototypes. This method learns normal dynamics by constructing a
meta-prototype unit that contains an attention mechanism [41]. Using the attention mechanism to learn normal dynamics as prototypes instead of the previous
memory bank based method, which can reduce memory overhead. However, highlevel semantic information is not excavated due to only using pixel information
of feature map. Besides, in this work, setting the number of normal prototypes
still based on subjective assumptions.
In this paper, we introduce a novel dynamic local aggregation network with
adaptive clusterer (DLAN-AC), which can adaptively cluster video data in different scenarios and dynamically aggregate high-level features to obtain prototypes
of normal data. First of all, inspired by the work [2], we propose a dynamic local
aggregation network (DLAN), which can automatically learn and aggregate highlevel features to obtain more representative prototypes of normal data, and also
solve the problem of additional memory consumption. Compared with previous
memory bank based methods [11, 31], DLAN can automatically learn prototypes
online without additional memory consumptions. Compared with the attention
mechanism based method [27], DLAN uses the weighted residual sum between
all feature vectors and the cluster center to generate local aggregation features,
which can mine higher-level normal features semantic information.
Setting the number of normal prototypes based on subjective assumptions
limits the diversity and expressiveness of prototypes. How can we adaptively
obtain a reasonable number of prototypes for normal video data according to
different scenarios? Inspired by the work [18], we propose a adaptive clusterer
(AC) to adaptively cluster the high-level features, which can provide a prior
information for the prototypes setting. Based on AC, we can obtain different
cluster numbers and corresponding cluster center vectors for different scenarios,
and then use them as the initialization parameters of DLAN. AC not only solves
the limitation of manually setting the number of prototypes, but also enables
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DLAN to be initialized based on the prior information of the data, which can
speed up the training process.
In addition, we found that the background features of the high-level feature
map are also clustered together by AC, and these background features cannot
be used as a representative of the prototypes, because it does not contribute to
judging whether the video frame is normal or abnormal. To weaken the influence
of these features, drawing inspiration from the work [52], we propose a dynamic
redundant clustering strategy (DRCS), that is, the final number of clusters is
less than the initially set number of clusters in DLAN. Compared with the way
of setting a fixed number of redundant clusters in work [52], DRCS dynamically
adjusts the number of redundant clusters according to the initial number of
clusters obtained by AC, which takes into account the difference of the scene. In
this way, DLAN only retain the feature clusters that has important contributions
to the establishment of a prototype of normal data.
The main contributions are summarized as follows:
– We propose a novel dynamic local aggregation network with adaptive clusterer (DLAN-AC), where DLAN automatically learns and aggregates highlevel features to obtain more representative prototypes of the normal video
data; AC adaptively clusters the high-level features of video frames according
to the scene, which can provide the prior information for prototype setting.
– We propose a dynamic redundant clustering strategy (DRCS) to eliminate
the unimportant feature clusters and retain the feature clusters that has
important contributions to the establishment of a prototype of normal video.
– DLAN-AC is on par with or outperforms other existing methods on three
benchmarks, and extensive ablation experiments demonstrate the effectiveness of DLAN-AC.

2

Related Work

Due to the inherently challenge of the VAD problem, unsupervised learning is the
most commonly used method for VAD, where only normal samples are available
in the training phase under the unsupervised. To determine whether an abnormal event occurs, a common method is to exploit normal patterns according to
their appearance and motion in the training set. Any pattern that is inconsistent with the normal patterns is classified as an anomaly. In the early work [17,
1, 50, 8, 9, 23, 35], statistical models and sparse coding are commonly modeling
methods that are used in VAD. For example, Adam et al. [1] characterized the
normal local histograms of optical flows based on statistical monitoring of lowlevel observations at multiple spatial locations. Zhao et al. in [50] proposed a
fully unsupervised dynamic sparse coding approach for detecting unusual events
in videos based on the online sparse reconstruction. Cong et al. in [8] introduced
a sparse reconstruction cost (SRC) over the normal dictionary to measure the
normality of testing samples. These early methods have achieved good results
in specific scenarios, but due to their poor feature expression ability, the performance is greatly reduced in some complex scenarios.
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In recent years, deep learning has achieved great success in various fields [32,
33, 19, 14, 30, 12, 16, 35]. Video anomaly detection methods based on deep learning have begun to emerge widely [13, 45, 6, 10, 46, 44, 43, 22, 47, 40, 51, 3, 4, 42].
For example, Hasan et al. in [13] used deep autoencoder to learn the temporal
regularity in the videos for VAD. Luo et al. in [25] presented a convolution autoencoder combined with long short-term memory (LSTM). Recently, Liu et al.
in [21] proposed a future frame prediction framework (FFP) for VAD. A larger
difference between the predicted and the actual future frame indicates a possible
abnormal event in the frame, which has achieved superior performance over previous reconstruction-based methods. The method of frame reconstruction and
frame prediction based on deep learning have shown promising results. However, due to the strong generalization ability of neural networks, some abnormal
frames can be also reconstructed or predicted well. This dilemma has caused
their performance to encounter bottlenecks. To this end, Gong et al. in [11] embedded a memory module into AE to record the prototypes of normal data, so
as to enhance the ability of AE to model normal behavior patterns and weaken
the reconstruction of abnormal frames. Park et al. [31] followed this trend and
presented an anomaly detection method that uses multiple prototypes to consider various patterns of normal data, which can obtain more compact and sparse
memory bank. Both Gong et al. [11] and Park et al. [31] have enhanced the ability
of AE to model normal frames by establishing a memory bank. But the disadvantage is that, on the one hand, the memory bank for storing the prototypes
of normal data leads to additional memory consumption; on the other hand, the
number of prototypes in the memory bank comes from subjective assumptions
and is fixed for different datasets, ignoring the scene difference, and limiting the
diversity and expressiveness of prototypes. Recently, Lv et al. [27] proposed a
meta-prototype network to learn normal dynamics as prototypes. This method
learns normal dynamics by constructing a meta-prototype unit containing an
attention mechanism to reduce the memory overhead. However, there is a lack
of mining high-level semantic information of normal features, and the number
of prototypes is also based on assumptions. Our method is also targeting at
alleviating the excessive generalization ability of AE. However, the difference
from the above-mentioned methods is that, on the one hand, our DLAN can
automatically learn and aggregate data features to obtain more representative
prototypes without additional memory consumption; on the other hand, our AC
can adaptively cluster the high-level features of video frames according to the
scene, which can provide the prior information for the prototype setting.

3

Method

Our method can be divided into four parts: an encoder, an AC, a DLAN, and
a decoder. We follow the popular prediction paradigm in the filed of VAD as
the main line of the method. First, the encoder extracts high-level features of
four consecutive video frames from the input. Then, AC adaptively clusters the
high-level features to obtain the prior cluster number and cluster center vector,
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Fig. 1. An overview of our proposed DLAN-AC. Our method mainly consists of four
parts: an encoder, an AC, a DLAN, and a decoder. The encoder extracts a high-level
feature map Ft of size H× W × D from an input video frame sequence It̃ . Then, AC
adaptively clusters the high-level features to obtain the prior cluster number M and
cluster center vector c∗l , which are used to initialize DLAN. Next, the Ft are further
locally aggregated to obtain the prototypes P̃t by DLAN. Finally, the P̃t and the Ft
are fused and fed to the decoder to predict the fifth frame Iˆt . (Best viewed in color.)

which are used to initialize DLAN. Then, DLAN further locally aggregates the
high-level features to obtain the prototypes of normal video frames. Finally, the
prototypes of normal video frames and the original high-level features are fused
and fed to the decoder to predict the fifth frame. The overall architecture of
DLAN-AC is shown in Fig. 1.
3.1

Encoder and Decoder

We use AE, a classical framework for reconstruction and prediction tasks, as the
main framework of our method. AE is composed of an encoder and a decoder.
Encoder is used to extract the high-level features of input video frames, which
are processed by AC and DLAN, and then fed to the decoder to predict future
frames. Since we follow the prediction paradigm, in order to preserve the background information of the video frame, we use a shortcut connection similar to
the U-Net network. Here, we denote by It̃ and Ft a video frame sequence and
a corresponding high-level feature map from the encoder at time t, respectively.
The encoder gets the input It̃ and outputs Ft of size H× W × D, where H,
W , D are the height, width, and number of channels, respectively. Ftn ∈ RD
(n = 1, 2...N ), where N = H× W , denotes individual high-level feature vector
of size 1× 1× D in Ft .
3.2

Adaptive Clusterer

The main function of AC is to pre-cluster the high-level features extracted by the
encoder. The core of AC is Self-Organizing Maps (SOM) neural network. SOM
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neural network is an unsupervised self-learning neural network, which has the
characteristics of good self-organization and easy visualization. It can perform
adaptive clustering by identifying the characteristics and inherent relationships
between the samples. AC is a two-layer structure consisting of an input layer and
output layer (competitive layer). Here, The input layer has N = H× W neurons
in total, and output layer has L neurons. The two layers are connected together
by means of a full connection. When AC receives an input vector, the neurons
in the output layer compete for the response opportunity to the input vector,
and finally the neuron closest to the input vector wins. The weight of the wining
neuron and other neurons in its neighborhood will be updated. After multiple
rounds of updating, each neuron in the competition layer is most sensitive to a
certain type of input vector, so that the associated data in the input layer can
be clustered through the competition of neurons in the output layer.
Next, we describe in detail the process of AC clustering high-level features.
First, we denote by cl ∈ RD (l = 1, ...L) the initial weight vector of neurons in
the output layer. Then, for each input vector Ftn , we calculate the Euclidean
distance between it and each neuron in the output layer, and find the wining
neuron that is the closest to the input vector. The distance calculation formula
is as follows:
  d_l = \sqrt {\sum _{j=1}^D (F_t^n(j)-c_l(j))^2}, \label {eq:eq1} 

(1)

here, Ftn is the n-th feature in the Ft , and cl is the weight vector of the l-th
neuron in the output layer. Then, we determine a neighborhood range of the
winning neuron, which is generally determined by the neighborhood function.
Here the neighborhood function h(dn , dl ) uses the Gaussian function, and is
calculated as follows:
  h(d_n,d_l) = \begin {cases} exp(-\frac {{\left \|d_n-d_l\right \|}^2}{2\delta (t)^2}) & d_n-d_l\leq \delta (t) \\ 0 & d_n-d_l>\delta (t) \end {cases}, \label {eq:eq2} 

(2)

here, δ(t) = δ/(1 + t/(k/2)) represents the neighborhood radius, which gradually
decreases as time t increasing. δ is the initial neighborhood radius and k is the
number of iterations for each feature map Ft . Next, we adjust the weight vector
of winning neuron and its neighborhood to move it closer to the input vector.
The weight vector is updated as follows:
  c_l(t+1) = c_l(t)+\eta (t)h(d_n,d_l)((F_t^n)-c_l(t)), \label {eq:eq3} 

(3)

where η(t) = η/(1 + t/(k/2)) represents the learning rate and η is the initial
learning rate. This update process is repeated until the network converges. Finally, we obtain the updated neuron weight vector c∗l ∈ RD (l = 1, ...L) in
the output layer, and the value M of the number of clusters obtained after AC
clustering. The value M is expressed follows:
  M=\frac {\begin {matrix} \sum _{i=1}^Q z(F_t) \end {matrix}}{Q}, \label {eq:eq4} 

(4)
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here, z(Ftn ) represents the number of wining neurons after responding for each
high-level feature map Ft in the AC competitive layer, and Q is the total number
of samples in the input dataset.
3.3

Dynamic Local Aggregation Network

The Dynamic Local Aggregation Network (DLAN) is mainly composed of convolutional neural networks and a vlad [15] core, which can automatically learn and
aggregate high-level features to obtain more representative prototypes of normal
data, and also solve the problem of additional memory consumption. Specifically,
we use the number of clusters M and the cluster center vector c∗l output by AC
as the initialization parameters of DLAN. Then DLAN automatically optimizes
the location of these cluster centers and the weight of each feature vector in the
Ft to the class center to which it belongs. Next, we calculate the weighted residual sum between each feature vector and the cluster center as the final video
frame description vector. These description vectors are then transformed to represent prototypes. In addition, in order to enable DLAN learn to eliminate the
insignificant feature clusters and retain the feature clusters that has important
contributions to the establishment of a prototype of normal video data, we set
dynamic redundant clustering items in DLAN, that is, the final cluster number
is less than the initial number of clusters. Here, the initial number of clusters is
L, namely, the number of neurons in the output layer of AC, and the number of
clusters M obtained after AC clustering training is used as the final number of
clusters in DLAN. The redundant cluster number is the difference G = L − M .
Specifically, the Ft are input into DLAN, and the weighted residual sum of
the N feature points in Ft and the cluster center c∗l is calculated as the element
of the local feature matrix V . Next, we select the first M elements in the local
feature matrix V , convert them into a vector form and normalize them to obtain
the initial prototypes Pm ∈ RD (m = 1, ...M ) by a fully connected layer. The
calculation formula of matrix V is as follows:
  V(j,l)=\sum _{n=1}^N \beta _l(F_t^n)(F_t^n(j)-c_l^*(j)),~0<{j}\leq D,~0<{l}\leq L, \label {eq:eq5} 

(5)

where βl (Ftn ) is the contribution weight of each feature point Ftn to the l-th
cluster center c∗l . The calculation formula of βl (Ftn ) is as follows:
  \beta _l(F_t^n)=\frac {e^{-\alpha {\left \|{F_t^n-c_l^*}\right \|^2}}}{{\begin {matrix}\sum _{l^{'}}{e^{-\alpha \left \|{F_t^n-c_{l^{'}}^*}\right \|^2}}\end {matrix}}}=\frac {e^{{W_l^T F_t^n}+b_l}}{\begin {matrix}\sum _{l^{'}}e^{W_l^T{F_t^n+b_{l^{'}}}}\end {matrix}}. \label {eq:eq6} 

(6)

Here, following [2], we replace the execution of vlad [15] with the convolutional
2
neural network. Where Wl = 2αc∗l , bl = −α∥c∗l ∥ , α is a positive constant that
controls the decay of the response with the magnitude of the distance. Next, we
fuse Ft and Pm to enable the decoder to predict the future frame using normal
prototypes, which enhances the ability of AE to model normality and is the
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key to mitigating the overgeneralization ability of AE for anomalies. First, we
calculate the cosine similarity of each Ftn and the initial prototypes Pm , and
obtain a 2-dimensional similarity matrix of size M ×N . Then apply a softmax
function to obtain the matching probability weight vector wtn,m as shown below:
  w_t^{n,m}=\frac {exp((P_m)^T)F_t^n}{\begin {matrix} \sum _{m^{'}=1}^M exp((P_{m^{'}})^T F_t^n) \end {matrix}}. \label {eq:eq7} 

(7)

For the initial prototypes Pm , we multiply it with the corresponding matching
probability weight wtn,m to obtain the feature P˜tn ∈ RD as follows:
  \tilde {P}_t^n=\sum _{m^{'}=1}^M w_t^{n,{m^{'}}}P_{m^{'}}. \label {eq:eq8} 

(8)

For each Ftn , we perform Eq. (7) and Eq. (8) to obtain the final prototypes
P̃t ∈ RH×W ×D . Finally, P̃t and Ft are concatenated on the channel to obtain
the final fusion feature F̂t = Ft ∪ P̃t , which is then input to decoder to predict
a future frame Iˆt .
3.4

Loss Functions

We use intensity loss and gradient loss to force AE to extract the correct highlevel features of the input frame sequence, which enable the prototypes learning
for normal features representation. In addition, in order to make prototypes have
the characteristics of compactness and diversity, we follow the work [31] using
feature compaction loss and feature separation loss to constrain prototypes.
Intensity loss. We use the L2 distance to constrain the intensity difference
between the predicted frame Iˆt and real frame It :
  L_{int}=\left \|{\hat {I}_t}-I_t\right \|_2. \label {eq:eq9} 

(9)

Gradient loss. To improve the sharpness of the predicted image, we use gradient
loss to penalize the gradient difference between the predicted frame and the real
frame, where the gradient is the intensity difference between adjacent pixels in
the image. The gradient loss function is given as follows:
  \begin {split} L_{gd}=\sum _{i,j} \left \|{\left |{I_{i,j}-I_{i-1,j}}\right |} - {\left |{\hat {I}_{i,j}-\hat {I}_{i-1,j}}\right |}\right \|_1 + {\left \|{\left |I_{i,j}-I_{i,j-1}\right | - \left |{{\hat {I}_{i,j}}-{\hat {I}_{i,j-1}}}\right |}\right \|_1}, \end {split} \label {eq:eq9} 
(10)
where i, j denote the spatial index of a video frame.
Compaction loss. The feature compactness loss urges the Ft extracted by
encoder to approach the prototypes, making the prototypes more compact and
reducing intra-class variations, which penalizes the discrepancies between the
high-level features and their closest prototype in terms of the L2 norm as:
  L_{cp}=\sum _t^T \sum _n^N \left \|{F_t^n-P_a}\right \|_2, \label {eq:eq11} 

(11)
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here a is an index of the item with the greatest probability of matching between
Ft and Pm :
  a=\mathop {\arg \max }\limits _{m\in M} w_t^{n,m}. \label {eq:eq12} 
(12)
Separation loss. The prototypes of normal video frames should be diverse, so
these prototypes should be far away from each other. To this end, we use a triplet
loss function, which is defined as follows:
  L_{sp}=\sum _t^T \sum _n^N \left [\left \|{F_t^n-P_a}\right \|_2-\left \|{F_t^n-P_b}\right \|_2+\gamma \right ]_+, \label {eq:eq13} 

(13)

here, high-level feature Ftn , the item with the largest matching probability Pa ,
and the item with the second largest matching probability Pb , denote the anchor
frame, positive example, and hard negative sample, respectively and the margin
is denoted by γ. Similar to Eq. (12), b is expressed as follows:
  b=\mathop {\arg \max }\limits _{m\in M, m\ne a} w_t^{n,m}. \label {eq:eq14} 

(14)

Overall loss. The above four loss terms are balanced with λint , λgd , λcp , and
λsp as the overall loss function:
  L_{all}=\lambda _{int}L_{int}+\lambda _{gd}L_{gd}+\lambda _{cp}L_{cp}+\lambda _{sp}L_{sp}. \label {eq:eq15} 
3.5

(15)

Anomaly Detection in Testing Data

After training on a large number of normal samples, DLAN-AC learns to automatically capture the normal prototype features, so it can predict well for normal
frames. For abnormal frames, DLAN-AC cannot capture the abnormal features,
and only excavates the normal feature parts, so there will be larger prediction
errors. Therefore, we can perform anomaly detection based on the prediction error. Following the work in [28], we compute the P SN R between predicted frame
Iˆ and its ground truth I to evaluate the quality of the predicted frame:
  PSNR(I,\hat {I})=10log_{10}\frac {[{max_{\hat {I}}]^2}}{\frac {1}{K} \begin {matrix}\sum _{i=0}^K(I_i-\hat {I}_i)^2 \end {matrix}}, \label {eq:eq16} 

(16)

where K is the total number of image pixels and maxIˆ is the maximum value of
image pixels. The smaller value of P SN R is, the higher probability that the test
frame has abnormal behavior, and vice versa. In order to further quantify the
probability of anomalies occurring, we also normalize each P SN R, following the
work in [28], to obtain an anomaly score S(t) in the ranges of [0, 1] as follows:
  S(t)=1-\frac {PSNR(I_t,\hat {I}_t)-min_t PSNR(I_t,\hat {I}_t)}{max_t PSNR(I_t,\hat {I}_t)-min_t PSNR(I_t,\hat {I}_t)}. \label {eq:eq17} 

(17)
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Experiments
Experimental setup

Datasets. We evaluate the performance of our method on three benchmarks,
which are the most commonly used in the field of VAD. (1) The UCSD Ped2
datasets [20] contains 16 training videos and 12 testing videos with 12 abnormal
events, including riding a bike and driving a vehicle on the sidewalk. (2) The
CUHK Avenue datasets [23] consists of 16 training videos and 21 testing videos
with 47 abnormal events such as loitering, throwing stuff, and running on the
sidewalk. (3) The ShanghaiTech dataset [26] contains 330 training videos and 107
testing videos with 130 abnormal events, such as affray, robbery, and fighting,
etc., distributed in 13 different scenes.
Evaluation metric. Following prior works [11, 21, 26], we evaluate the performance of our proposed method using the Receiver Operation Characteristic
curve and the Area Under the Curve (AUC). We use the frame-level AUC metrics
for performance evaluation to ensure comparability between different methods.
Training details. The training process of our proposed method contains AC
pre-clustering and formal training, and the whole process can be executed endto-end. Firstly, the size of each video frame is resized to 256 × 256 and the all
pixels value are normalized to [-1, 1]. The height H and width W of the highlevel feature map, and the numbers of feature channels D are set to 32, 32, and
512, respectively. During the AC pre-clustering, only the AE and AC module
participate. For the AE, we use the adam optimizer with an initial learning rate
of 2e-4 and decay them using a cosine annealing method. The loss function only
contains intensity loss and gradient loss. For AC, the L is set to 25, the δ and
the η are set to 0.5, and the k is set to 5000. In this stage, training epochs are
set to 10, 10, 5 on Ped2, Avenue and ShanghaiTech, respectively, and the batch
size is set to 8. In the formal training stage, AC is shielded and DLAN works.
The parameter setting of AE is consistent with the above, but the separation
loss and compaction loss are added and the training epochs are set to 80, 80,
20 on Ped2, Avenue and ShanghaiTech, respectively. The weights of the four
loss functions are set to λint = 1, λgd = 1, λcp = 0.01, and λsp = 0.01, and
the margin γ = 1. For experimental environment and hyperparameter selection,
please see the supplementary materials.
4.2

Experimental results

Comparison with existing methods. In Table 1, we compare the performance of our method with that of the state-of-the-art methods. It can be seen
from Table 1 that our method has very strong competitiveness under the comparison of three different levels, almost surpassing most of them. In addition,
MemAE [11], MNAD [31], and MPN [27], are most-related methods to our approach. They build a memory bank for storing prototypes to enhance the ability of AE to model normal behavior patterns and weaken the reconstruction
of abnormal frames, but the memory bank requires additional memory storage
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Table 1. Quantitative comparison with the state of the art for anomaly detection.
We measure the average AUC (%) on Ped2 [20], Avenue [23], and ShanghaiTech [26].
The comparison methods are listed in chronological order. (’R.’ and ’P.’ indicate the
reconstruction and prediction tasks, respectively.)
Methods
MPPCA [17]
MPPC+SFA [24]
Unmasking [37]
AMC [29]
AnomalyNet [53]
DeepOC [43]
Conv-AE [13]
ConvLSTM-AE [25]
Stacked RNN [26]
CDDA [53]
MemAE [11]
MNAD [31]
AMCM [6]
LNRA-P [3]
LNRA-SF [3]
FFP [21]
AnoPCN [48]
IPRAD [36]
MNAD [31]
ROADMAP [39]
MPN [27]
DLAN-AC

Ped2 Avenue ShanghaiTech
69.3%
N/A
N/A
61.3%
N/A
N/A
82.2%
80.6%
N/A
96.2% 86.9%
N/A
94.9%
86.1%
N/A
96.9% 86.6%
N/A
90.0%
70.2%
60.9%
88.1%
77.0%
N/A
92.2%
81.7%
68.0%
96.5%
86.0%
73.3%
94.1%
83.3%
71.2%
90.2%
82.8%
69.8%
96.6% 86.6%
73.7%
94.77% 84.91%
72.46%
96.50% 84.67%
75.97%
95.4%
84.9%
72.8%
96.8%
86.2%
73.6%
96.3%
85.1%
73.0%
97.0%
88.5%
70.5%
96.3%
88.3%
76.6%
96.9%
89.5%
73.8%
97.6% 89.9%
74.7%

space. Our method automatically learns to aggregate its normal pattern features
directly through the neural network, which frees up extra memory space. Furthermore, the performance of our proposed method in terms of AUC on three
benchmarks outperforms that of these three methods, which demonstrates the
effectiveness of our method.
Qualitative results. Fig. 2 shows the future frame prediction results of our
method and the corresponding prediction error map for normal events and
abnormal events. Obviously, for normal events, the future frame predicted by
DLAN-AC is almost close to the actual frame, as shown by the darker error
map. For abnormal events, the predicted future frame tends to be blurred and
distorted compared to the real frame, and the location of the abnormality is very
conspicuous in the error map. In addition, we show the fluctuations of the abnormal scores of several test videos in Fig. 3 to illustrate the effectiveness of our
method for timely detection of abnormalities. It is easy to observe from Fig. 3
that the low abnormal score increases sharply with the occurrence of abnormal
events, and then returns to the low level after the abnormality ends. For more
qualitative results, please see the supplementary materials.
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Fig. 2. Example of frame prediction on Ped2 dataset. The first row is a prediction
example of normal event, and the second row is a prediction example of an abnormal
event. Left column: the real frame. Mid column: the prediction frame. Right column:
the prediction error map. (Best viewed in color.)

AS

GT

Fig. 3. Anomaly score curves of several test video clips of our method on three benchmark datasets. AS represents the anomaly score and GT represents the ground truth
anomalous frame. (Best viewed in color.)

4.3

Ablation studies

In this subsection, we conduct several ablation experiments to analyze the role
played by each component of our method.
AC analysis. To demonstrate the effectiveness of AC, we compare the performance differences between our method using AC to adaptively obtain the
number of prototypes and using the pre-set fixed number of prototypes on three
benchmarks in Table 2. The fixed number of setting following [27], which is taken
as 10. It can be seen from Table 2 that the performance of the model with the
AC is better than that of the model with a fixed number of settings. For different
datasets, the number of prototypes M is different, which confirms the inherent
difference of video data in different scenes. In addition, we respectively show the
cluster distribution map of the high-level features obtained from above three
datasets after AC clustering in Fig. 4. Taking Ped2 dataset as an example, it
can be seen from Fig. 4 that grass, ground, walls, and people are clearly grouped
into different categories. This shows that the adaptive clustering of video features by the AC plays a key role during the pre-clustering of our method, and
is an important contributor to the prototype setup of normal data.
DLAN analysis. In order to analyze the role of DLAN, we freeze the AC, and
then set the number of central weight vectors to 10 in DLAN without using
DRCS, and initialize them randomly. Next, we insert DLAN into AE as an independent module, and compare it with the AE without DLAN. The comparison
results are shown in Table 3. It can be seen that even if there is no other mod-
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Table 2. The AUC obtained by DLAN-AC with or without AC on Ped2 [20], Avenue
[23] and ShanghaiTech [26] dataset. (M stands for the number of prototypes)
Ped2
Avenue ShanghaiTech
M /AUC M /AUC
M /AUC
w/o AC 10/97.1% 10/89.2%
10/74.0%
w AC 13/97.6% 13/89.9%
11/74.7%

Fig. 4. AC pre-clustering results on the Ped2, Avenue, and ShanghaiTech. The first
row is the original image, and the second row is the corresponding clustering result. It
can be seen that elements with similar attributes are grouped into the same category.

ule assistance, just inserting DLAN can increase the performance on the Ped2,
Avenue and ShanghaiTech datasets by 2%, 5.3%, and 7.3%, respectively, and
DLAN is completely online learning prototypes without consuming additional
memory space. This fully proves the effectiveness of using DLAN for feature
aggregation to build normal data prototypes.
Table 3. The AUC on Ped2, Avenue and ShanghaiTech datasets with only AE or
AE+DLAN.
Ped2 Avenue ShanghaiTech
AE
95.1% 83.9%
66.7%
AE+DLAN 97.1% 89.2%
74.0%

Initialization of DLAN. In order to evaluate the effectiveness of using the
cluster center vector output by AC as the initial cluster center vector of DLAN,
we respectively compare the aggregation results of using the randomly initialized cluster center vector and the cluster center vector output by AC as the
initialization vector. Fig. 5 visualizes the aggregation results after DLAN aggregation when training to the tenth epoch. It can be clearly seen that DLAN using
the cluster center vector output by AC as the initial cluster center has a more
compact feature aggregation under the same training epoch. This shows that
the initial clustering center vector with certain prior information can make the
network convergent faster than the random initialization method.
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Table 4. The AUC obtained by DLAN-AC with or without Dynamic Redundant
Clustering Strategy (DRCS) on Ped2, Avenue and ShanghaiTech datasets.
Ped2 Avenue ShanghaiTech
DLAN-AC (w/o DRCS) 97.2% 89.4%
74.1%
DLAN-AC (w DRCS) 97.6% 89.9%
74.7%

Fig. 5. t-SNE [38] visualization for the prototypes aggregated by DLAN in the 10th
training epoch from Ped2 dataset. The left is the cluster center vector output by AC
as the initial clustering vector, and the right is the method of random initialization.

DRCS analysis. To verify the effectiveness of the DRCS, we respectively compare the AUC on Ped2 and Avenue datasets with and without the number of
redundant clusters. It can be seen from Table 4 that the performances of the
model with the number of redundant clusters set are all better than that of the
unset model, which verify the effectiveness of the DRCS to eliminate insignificant
feature clusters and retain the feature clusters that have important contributions
to the establishment of prototypes.

5

Conclusions

We have introduced a novel dynamic local aggregation network with adaptive
clusterer (DLAN-AC) for anoamly detection. To this end, we have proposed a
dynamic local aggregation network (DLAN), which can automatically learn and
aggregate high-level features from AE to obtain more representative normal data
prototypes without consuming additional memory space. To adaptively obtain
the initial information of prototypes in different scenarios, we have proposed a
adaptive clusterer (AC) to perform initial clustering of high-level features to obtain the pre-cluster number and cluster center vector, which are used to initialize
the DLAN. In addition, we have also proposed a dynamic redundant clustering
strategy (DRCS) to enable DLAN to automatically eliminate the insignificant
feature clusters. Extensive experiments on three benchmarks demonstrate that
our method outperforms most existing state-of-the-art methods, validating the
effectiveness of our method for anomaly detection.
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