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Abstract

In recent years, with the widespread deployment of surveil-
lance cameras in public places, abnormal detection in videos
has attracted more and more research attention. The task of
video anomaly detection is could identify unexpected behav-
ior from a video stream is to identify events that rarely or
never occur in a particular context. There are few detection
methods for crowd gathering abnormal behavior in public
places, and among all existing methods, reconstruction or fu-
ture frame prediction is the chief method for video anomaly
detection. The strong generalization ability of the reconstruc-
tion model, abnormal behaviors are often ignored. Due to the
defects of the future frame prediction method itself, the ro-
bustness of the detection model is low, and there will be a
false alarm for normal behavior. Therefore, we firstly repli-
cated the classic Future Frame Prediction Base model in the
CVPR video anomaly detection task in 2018, and then ana-
lyzed the existing problems through experiments, considering
the combination of reconstruction and Future Frame Predic-
tion to balance the shortcomings of existing models. A recon-
struction module would be added to the baseline model, and
expect experiments on benchmark datsets could show that the
improved method is better than the previous model.

Introduction
With the development of the social economy, there are more
and more cities with large-scale and super-large popula-
tions(Pang et al. 2021), which makes the issue of urban
public safety more and more important. For example, the
stampede incidents on the Bund and Hajj in Mecca were
all due to abnormal crowd behaviors that were not detected
and dealt with in time, resulting in serious group safety inci-
dents (Xu et al. 2017). The population density in public areas
such as subways, stations, and hospitals in large cities is rel-
atively high. It is of great significance to ensure its normal
order. In the above-mentioned specific places and sensitive
areas, abnormal behaviors often occur between crowd activ-
ities, which may cause serious threats to the personal safety
of the crowds. Therefore, timely detection and treatment are
required. When solving anomaly detection tasks, it is gen-
erally believed that anomalous events should be unexpected
events that occur less frequently. But this has caused another
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difficulty. In real scenarios, both normal and abnormal be-
haviors are diverse and undefinable. Therefore, the detection
model trained in the above manner lacks good robustness
in practical applications. To solve the above problems, the
predecessors have done a lot of work. Among them, most
of the methods (Cong, Yuan, and Liu 2011; Hasan et al.
2016; Luo, Liu, and Gao 2017) apply the idea of reconstruc-
tion, that is, minimize the reconstruction error of the training
data (normal behavior) during training, and the reconstruc-
tion error can be compared with the test during testing. The
deep neural network (self-encoder) has strong learning gen-
eralization ability; the reconstruction method does not con-
sider the semantic information of the video context, that is,
the generated reconstructed feature map is completely based
on its single frame. In recent years, with the development
of GAN (Goodfellow et al. 2020), the performance and ef-
fect of video frame prediction (Mathieu, Couprie, and Le-
Cun 2015) have also been greatly improved. Therefore, an
anomaly detection method based on future frame prediction
(Liu et al. 2018) has also been proposed.

The method based on frame prediction can overcome the
limitation based on the reconstruction method. The informa-
tion between the predicted frames must be input when the
model generates the prediction. To ensure the quality of the
predicted frame image, the model often quotes the method
based on frame prediction. Enter the optical flow informa-
tion representing the motion feature as the motion constraint
between the generated frame and the predicted frame (Liu
et al. 2018). But using optical flow, the model will be ex-
tremely sensitive to changes in lighting in the application
scene, and it is prone to false reports. In addition, the predic-
tion frame generated by the method based on frame predic-
tion is highly dependent on the input previous frame infor-
mation, so the model detection result may be very sensitive
to any changes in the input previous frame, resulting in low
robustness in practical applications.

In summary, we will first reproduce the classic Future
Frame Prediction Base model (Liu et al. 2018) in the task
of video anomaly detection, analyze its specific problems
through experiments, and finally improve the model algo-
rithm. Specifically, by adding a reconstruction module, try-
ing to combine the respective advantages of the above two
methods and balance their existing shortcomings, without
reducing the accuracy of model anomaly detection, improve



Figure 1: Future Frame Prediction Model. The U-Net like generator generates the predicted frame, and the intensity loss and
spatial loss is calculated based on the intensity and gradient information. The FlowNet is hired to calculated the temporal loss.

Figure 2: The U-Net architecture. Our model utilized U-Net
to overcomes the gradient-vanishing problems and informa-
tion imbalance of corresponding layers of the encoder and
the decoder.

the model’s robustness in practical applications.

Related Works
2.1 Anomaly detection based on manual features
Anomaly detection based on manual features includes man-
ual feature extraction, learning model establishment and
anomaly cluster detection distinguish. The commonly used
manual feature extraction methods are: histogram of ori-
ented Gradients(Dalal and Triggs 2005), histogram of op-
tical flow(Dalal, Triggs, and Schmid 2006), 3D gradient, lo-
cal binary pattern (LBP). Common learning models and dis-
crimination methods include: clustering normal samples by
using common clustering algorithms, such as k-means, k-
medoids, fuzzy c-means and Gauss hybrid model, and then
treating the points far away from the clustering center in the
test set as abnormalities. In addition to these statistical mod-
els, sparse coding or dictionary learning(Zhao, Fei-Fei, and
Xing 2011) are also commonly used to encode normal be-
havior patterns. The underlying assumption of these meth-
ods is that normal behavior patterns can be well linearly
encoded into a representational dictionary, while abnormal
patterns can not be well represented and detected.

2.2 Anomaly detection based on deep learning ConvL-
STM(Xingjian et al. 2015) is a good example, which has

been proposed to solve the problem of precipitation pre-
diction. Most anomaly detection methods are based on self
encoder. The self encoder can reconstruct the original data
through unsupervised learning, so as to learn the efficient
representation of the input data. The development of gener-
ation countermeasure network not only promotes the devel-
opment of high-quality generation tasks, but also promotes
the development of video anomaly detection method based
on frame prediction. The high variance within positive sam-
ples, and the inherent data-imbalance problem(Chalapathy
and Chawla 2019) of the video anomalies. (Nayak, Pati, and
Das 2021). AEs can often start reconstructing anomalies as
well which depletes their anomaly detection performance.
To mitigate this, (Astrid, Zaheer, and Lee 2021) propose a
temporal pseudo anomaly synthesizer that generates fake-
anomalies using only normal data. (Dong, Zhang, and Nie
2020) predict future frames for normal events via a gener-
ator and attempt to force the predicted frames to be sim-
ilar to their ground truths. MIST(Feng, Hong, and Zheng
2021) is composed of a multiple instance pseudo label gen-
erator, which adapts a sparse continuous sampling strategy
to produce more reliable clip-level pseudo labels, and a self-
guided attention boosted feature encoder that aims to auto-
matically focus on anomalous regions in frames while ex-
tracting task-specific representations.

Future Frame Prediction Model
Future Frame Prediction for Anomaly Detection - A New
Baseline (Liu et al. 2018) firstly utilized the difference of
predicted frame and ground truth frame for abnormal de-
tection in videos. Except for the intensity and gradient in-
formation of the generated predicted frame added as spatial
constraints, the temporal constraint is added by focusing the
optical flow of the predicted frame and the corresponding
ground truth frame to be the same. This leads to higher qual-
ity predicted frame for normal events, as shown in Fig.1.

The Generator
The general architecture of a frame-generating network con-
sists of two modules: an encoder,which extracts the fea-
ture frame-by-frame by reducing the spatial resolution, and



a decoder,which recovers the spatial resolution with cor-
responding layers. However, such solutions suffer from
great gradient-vanishing problems and information imbal-
ance of corresponding layers of the encoder and the decoder.
Our model utilized U-Net (Ronneberger, Fischer, and Brox
2015) as a generator to solve this problem. It was initially
proposed as a convolutional neural network for biomedical
image segmentation, and it adopts a skip connection struc-
ture between upper and lower sampling layers of the same
resolution. This method can not only effectively solve the
problem of model training gradient disappearance and the
unbalance of each layer of coding or decoding information,
but also is very suitable for video anomaly detection. Be-
cause the surveillance video has a constant foreground and
only sensitive moving crowd activities change, u-NET can
be used to restore the foreground of the video image so that
model training is more focused on crowd activities. The de-
tailed structure of the generator U-net is shown in Fig. 2.

Figure 3: The Patch GAN discriminator. Each element of
the output matrix is mapped to the corresponding patch in a
frame, and the value of the patch is used to judge whether
the patch contains exceptions.

The Discriminator
For better predictions of the approximate position of abnor-
mal events in the video frame image, PatchGAN () ’s dis-
criminator was used as the discriminator of the model. The
main difference from the discriminator of traditional GAN
network lies in that the latter maps the input image to a
single scalar output within the range of [0,1], representing
the probability of whether the image is true or false, while
PatchGAN provides a matrix as the output, with each ele-
ment representing whether the corresponding patch is true
or false. Fig. 3 shows the details of PatchGAN. Each ele-
ment of the output matrix is mapped to the corresponding
patch in a frame, and the value of the patch is used to judge
whether the patch contains exceptions.

Constrains
In order to make the quality of the generated prediction
frame close to the real frame, correlation constraints need to
be added. Following the work of () in generating prediction
frames, pixel intensity and gradient changes are also used as

constraints. The intensity constraint, which minimizes the
L2 distance between the generated prediction frame and the
real frame, guarantees the similarity of all pixels in the RGB
space of the two frames. However, adding this constraint
is not enough, and the generated prediction frame is prone
to ambiguity and other problems. The gradient change con-
straint ensures that the gradient between each pixel in the
generated prediction frame and its horizontal and vertical
pixels is consistent with the situation in the real frame, which
can sharpen the generated prediction frame image well. The
intensity and gradient constraints are formulated as follows,
where i and j represent the spatial index of video frames:

Lint(Î , I) = ∥Î − I∥22 (1)

Lgd(Î , I) =
∑
i,j

∥|Îi,j − Îi−1,j | − |Ii,j − Ii−1,j |∥22+

∥|Îi,j − Îi,j−1| − |Ii,j − Ii,j−1|∥22

(2)

Not only the quality problems of spatial intensity and gra-
dient can be predicted, but also the correctness of motion
prediction of prediction frame expression can be guaranteed
as much as possible. Therefore, the approximate time (mo-
tion) constraint is defined by the optical flow estimation be-
tween the predicted frame and the real frame, that is, the
motion state of the predicted frame is consistent with that of
the real frame. Flownet(), which realizes optical flow esti-
mation based on CNN, is used to calculate optical flow. The
constraint formula is as follows, where F represents the cal-
culation of optical flow function

Lop(Î , I) = ∥f(Ît+1, It)− f(It+1, It)∥1 (3)
During training, The purpose of discriminator D is to

classify real frames as 1 and predicted frames as 0. When
discriminator D is trained, the weight of generator G is ad-
justed and the loss function of mean square error (MSE) is
specified as follows, where I and j represent the spatial in-
dex of prediction frame patch:

LD
adv(Î , I) =

∑
i,j

1

2
LMSE(D(I)i,j , 1)

+
∑
i,j

1

2
LMSE(D(Î)i,j , 1)

(4)

When training generator G, the weight of discriminator D is
fixed, and the mean square error function is also used. The
specific formula is as follows, where I and j represent the
spatial index of prediction frame patch:

LG
adv(Î) =

∑
i,j

1

2
LMSE(D(Î)i,j , 1) (5)

The objective function of the model is determined
by introducing the previously mentioned constraints. The
loss function of generator G is shown as follows, where
λint, λgd, λop, λadv are set as 1.0, 1.0, 2.0, 0.05.

LG = λintLint(Ît+1, It+1)

+ λintLgd(Ît+1, It+1)

+ λintLop

+ λintL
G
adv(Ît+1)

(6)



And the loss of the discriminator is:

LD = LD
adv(Ît+1, It+1) (7)

Abnormal detection
On the standard of anomaly detection, the method based on
frame prediction idea is grasped, that is, the concept that
normal events can be predicted while abnormal events can-
not be predicted is followed. To put it simply, normal events
can be generated well, while abnormal events can be gener-
ated at lower quality. Therefore, anomaly detection can be
carried out by taking advantage of the quality difference be-
tween pre-measured frames and real frames. In terms of the
method to measure the quality of the predicted image, the
peak signal-to-noise ratio (PSNR) is adopted following the
work of (), and the formula is as follows:

PSNR(I, Î) = 10× log10
max(Î)2

1
N

∑N
i=0(Ii − Îi)2

(8)

In order to better select the threshold value for evaluating
anomalies, PSNR is normalized, and then the abnormal de-
tection can be carried out by setting the appropriate thresh-
old value according to the experiment. The normalization
function is shown as follows:

S(t) =
PSNR(It, Ît −mint(PSNR(It, Ît)))

maxt(PSNR(It, Ît))−mint(PSNR(It, Ît))
(9)

Improved algorithm
According to the previous work, we reproduce this
method,and we use it for video exceptions with public
datasets of the detection task (described in detail in the ex-
perimental part),such as Avenue, USCDped2 ,and acquire
good results. However, we have been tried in RWF2000 and
other anomaly detection data that are biased towards real
scenes,but the results are extremely unsatisfactory, which
makes us have to think about the reason why this method
can’t work.Through testing and analysis, we find some de-
fects.Firstly, the anomaly detection based on frame predic-
tion emphasizes that abnormal events cannot be detected, but
it ignores that many normal events are unpredictable, so the
false alert rate is high.Secondly,the model adds a Flownet
module and uses it to calculate the optical flow, trying to use
the optical flow estimation to introduce the time (motion)
characteristics.

Although most anomaly detection methods introduce op-
tical flow information to improve the accuracy of the model,
the results show that the use of optical flow information can
indeed introduce more features for detection to a certain ex-
tent.However, in addition to character motion, the change of
light also has a great impact on optical flow estimation. Es-
pecially at night or in dark scenes, the change of light is easy
to cause drastic changes in optical flow, resulting in wrong
detection.Moreover, when reproducing the method, we try
to remove the Flownet module (removing the optical flow
constraint), but it is found that the experimental results are
not greatly reduced, only one or two points fluctuate, but the

Figure 4: Improved future prediction model framework

efficiency of the overall model is improved. Therefore, it is
necessary to consider the optical flow information for the
model structure of the algorithm.Thirdly, the model is eas-
ily affected by noise, but the surveillance video in the real
scene often contains large noise, so the effect of the model
is poor.To sum up, let’s give a simple example to better ex-
plain the existing problems.For example, in Figure 5, in the
night monitoring scene, the sudden lighting of the lamp is
a normal event, but the PSNR difference between the two
possible future frames (the lamp is on or not on) is too large,
resulting in misjudgment.

Figure 5: Two prediction results of sudden lighting of lights
at night.

In order to reduce the impact of video noise on model per-
formance and reduce the unpredictability of normal events
as much as possible,we learn from the anomaly detection
method based on reconstruction(Cong, Yuan, and Liu 2011;
Hasan et al. 2016; Luo, Liu, and Gao 2017).However, in or-
der to keep the overall model framework unchanged as much
as possible and reduce the adjustment of the model structure
as much as possible, the solution is to add a reconstruction
module to the frame prediction model, and the reconstruc-
tion module uses the structure adjusted U-net.What’s more,
in order to make the model applicable to a wider range of
scenarios, reduce the complexity of the model and increase
the real-time prediction, we remove the Flownet module.The
overall improved model is shown in Figure 4.



5.1 Dataset
UCSD dataset.UCSD is the pedestrian dataset, which con-
sists of Ped1 and Ped2.Ped1 contains 34 training videos and
36 test videos with a frame resolution of 238 × 158 pixels.
Ped2 contains 16 training videos and 12 test videos with a
frame resolution of 360 × 240 pixels. Ped1 and ped2 have
different perspectives, including bicycles, vehicles, skate-
boards and wheelchairs passing through the pedestrian area.
CUHK Avenue dataset.It contains 16 training videos and 21
test videos, including 15328 frames in the training set and
15324 frames in the test set. Anomalies include throwing
objects, wandering and running. For each test frame, frame
level exception annotation is used. The resolution of each
video frame is 360× 640 pixels.

Experiment and analysis
5.2Evaluating indicator
Because the above data sets have the following characteris-
tics: the training set is all normal behavior, and the test set
has many normal behavior and very few abnormal behavior.
Therefore, the problems faced make the positive and nega-
tive samples of the data extremely unbalanced, the evalua-
tion index does not use the algorithm accuracy, but uses the
area under curve (AUC).

5.3Experimental results
We set the hyperparameters of improved model by referring
to the hyperparameters of Future Frame Prediction Base-
model, use the same optimizer and adjust the learning rate.
For comparative experiments, we set the same batch size
and the number of training rounds.Experiments are con-
ducted and compared on avenue and UCSD Ped2 . The ex-
perimental results are shown in the figure 7,figure ??, and
Table1.(The results are all recurrence, Future Frame Predic-
tion Basemodel’s results deviate from the original paper, but
not much)

Figure 6: Model demo display diagram (including real-time
real frame, real-time prediction frame, PSNR change, dif-
ference depth diagram between real frame and prediction
frame)

Conclusion
This paper mainly analyzes and summarizes the video
anomaly detection tasks and their difficulties, introduces the
common methods in this task and their advantages and dis-
advantages, and focuses on video anomaly detection based

Figure 7: Results of the improved model on the avenue
dataset (20000 rounds).

Figure 8: Results of improved model on UCSD Ped2 dataset
(20000 rounds)

Table 1: Comparison of results of Future Frame Prediction
Basemodel and the improved model on two data sets.

avenue USCD ped2
future predict 83.7% 95.3%

future predict + reconstruction 84.6% 96.2%

on frame prediction method.During the experiment of repro-
ducing and trying other data sets, we find the existing prob-
lems, so we try to introduce the reconstruction method to
solve them, and finally achieve good results.Unfortunately,
all the improvements we have made are to monitor the ap-
plication of video in real scenes, namely increasing the ro-
bustness of the algorithm in practical applications as much
as possible, but there is no experiment on the data set in line
with the relevant scenes.The reasons are that there are some
surveillance video datasets in real scenes, but the quality of
the datasets is poor and the pre-processing is difficult; The
performance of the monitoring video dataset of the model
in the real scene fluctuates greatly, which may be because
the monitoring video dataset is rich in scenes and abnor-
mal behavior elements, so it is difficult to make compari-
son.Finally, we would like to thank the teacher for his teach-
ing in the course of deep learning. We have learned a lot
about deep learning, and we also thank teaching assistants
for their help.
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