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Abstract. Anomaly detection is a challenging work in
the area of intelligent video surveillance. It aims to
identify abnormal events from monitoring videos.
The main challenge of this task is the ambiguity of
anomaly definition. In recent years, many researchers
exploit hand-crafted features to detect abnormal
events, and all these methods follow a two-stage
learning strategy, including feature extraction and
model establishment. In this paper, we propose an
end-to-end anomaly detection framework using cycleconsistent adversarial networks. In the training phase,
the representation of regularity is learned from
normal video frames and corresponding optical flow
images. Our networks are trained with only normal
frames, so our model is sensitive to abnormal
behavior in abnormal frames. At testing time, the
abnormal areas will have larger reconstruction errors
than the normal. We can detect abnormal behaviors
according to the error between the reconstructed
frame and the original frame through a reasonable
threshold. Experimental results in challenging
datasets show that our method surpasses state-of-theart methods.
Keywords: Anomaly detection, Cycle-consistent
adversarial networks, Cycle-consistency loss, Optical
flow, Reconstruction error

1. INTRODUCTION
Anomaly detection plays an important role in public
monitoring systems. However, it faces many challenges
because the definition of anomaly is ambiguous and
environment-dependent. For example, “running” is
abnormal on the high way while it is normal on the sports
field. The ambiguity and scene dependence will largely
affect the accuracy of anomaly detection. So far, many
researchers have achieved gorgeous performance in
solving this problem [1-4]. Feature reconstruction is
usually performed by these works on training sets
containing only normal behaviors. Some researchers [2,

5] use hand-crafted features to represent appearance or
motion information, and then learn a dictionary to make
the reconstruction errors of normal events as small as
possible. Thus, the feature of the anomaly event will have
a larger reconstruction error than that of a normal one.
However, [2, 5] require manual selection of features and
the computational complexity of the building process of
the dictionary is high. With deep learning showing great
advantages in computer vision tasks, Auto-Encoder is
exploited to perform feature reconstruction. Hasan et al.
[1] proposed a 3D convolutional autoencoder (Conv-AE)
to learn the internal representations of normal frames.
Nevertheless, the autoencoder requires a large amount of
data, which is difficult to meet in actual situations. It
usually has a large number of parameters, which increase
the difficulty of fitting. Data augmentation is needed in
autoencoder-based methods to increase the amount of
input data, which means that redundant work for
preprocessing the dataset is added for practical
applications. Further, 3D convolution cannot
characterize the spatial information very well, as shown
in the activity recognition [6].
Recently, Generative Adversarial Networks (GANs)
[7] have achieved success in the fields of image
generation [8], image editing [9] and representation
learning [10]. Zhu et al. [11] proposed cycle-consistent
adversarial networks (CycleGAN) on the basis of GANs
to realize image-to-image translation, such as
transforming an image from one domain (e.g. images of
zebras) to another (e.g. images of horses). Cycleconsistency loss is adopted in [11] to make the generated
images authentic by constraining the reconstructed
images to be close to the original ones.
A similar framework is used in our work. However, we
do not aim at generating images which look realistic.
Instead, we use generators to learn normal patterns in
video frames. The cycle-consistency loss is minimized to
train the generators and discriminators at the same time.
In this way, the reconstructed normal frames is close to
the original. Hence, in the testing phase, the
reconstructed abnormal frame will be different. Blur will
appear in the region corresponding to the abnormal event.
Finally, reconstruction errors are calculated between the
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reconstructed frames and the original ones to easily and
robustly detect abnormal behaviors in the frames.
The contribution of our work can be listed as follows.
1. We use only positive samples to train the model, and
filter out the abnormal behavior by a reasonable threshold
of reconstruction error, solving the problem of fuzzy
definition of anomaly and imbalance of positive and
negative samples.
2. Optical flow and CycleGAN are simultaneously
used for anomaly detection, making full use of
appearance and motion information. Through the idea of
CycleGAN, the reconstructed video frames is as similar
to the original as possible, so as to effectively detect
abnormal behavior.
The remainder of our paper is organized as follows.
Section 2 gives a brief introduction to previous work on
anomaly detection. In Section 3, we specify the proposed
method in detail. Section 4 gives the experimental results
and analysis. Finally, we draw our conclusions in Section
5.

2. RELATED WORK
2.1. Methods based on hand-crafted features
Methods based on hand-crafted features mainly contains
two steps: feature extraction and model establishment.
For the former, low-level trajectory features are typically
used in early works [12, 13] to represent normal patterns.
However, the trajectory features are extracted by
tracking-based algorithms that will fail in crowded or
occluded scenes. Hence, these methods are not robust in
complex scenarios. Considering the limitations of
trajectory features, low-level spatial-temporal features,
such as Histograms of Oriented Gradients (HOG) and
Histograms of Oriented Flows (HOF) are used. Based on
spatial-temporal features, Zhang et al. [14] used Markov
Random Fields (MRF) to model normal patterns. Adam
et al. [15] exploited histograms to measure the
probability of optical flow of local blocks. Kim et al. [16]
modeled the local optical flow pattern with the Mixed
Probability Principal Component Analysis (MPPCA) and
enforced global consistency using MRF. Mehran et al.
[18] described crowd behavior using a social force model
and then used Latent Dirichlet Allocation (LDA) to
detect abnormal events. Mahadevan et al. [3] fitted a
Gaussian mixture model to Mixture Dynamic Texture
(MDT). In addition to these statistical models, there are
some works [2, 5, 17] encoding normal behaviors by
sparse coding or dictionary learning. The basic
assumption of these works is that any regular pattern can
be expressed as a linear combination of the basis of a
dictionary which encodes normal patterns on the training
set. However, the computational cost of the optimization
of sparse coefficients is expensive.
2.2. Deep learning based methods
Deep learning has been successfully applied to many
computer vision tasks [18, 19], including anomaly
detection. Xu et al. [20] designed a multi-layer

autoencoder for feature extraction, demonstrating the
effectiveness of deep learning features. However, their
networks are very shallow. Moreover, additional oneclass Support Vector Machines (SVMs) need to be
trained on the top of the learned representation.
Ravanbakhsh et al. [21] exploited a deep CNN for
anomaly segmentation task, and proposed a binary
quantization layer plugged as the final layer of the CNN
to capture the temporal motion patterns in video frames.
However, these works first trained CNNs for other tasks
(e.g., object recognition) and then exploited the trained
models for anomaly detection. Hasan et al. [1] proposed
a 3D Conv-AE to model the video frames which only
contain normal events, directly training the deep network
for anomaly detection. However, their networks need
redundant steps of preprocessing the datasets and they
cannot extract the spatial information well.
In our work, we propose an end-to-end anomaly
detection framework based on cycle-consistent
adversarial networks, training a deep generation network
directly for the task of anomaly detection. The proposed
method avoids losing spatial information of the
reconstructed normal frame by introducing cycleconsistency loss. The proposed method improves the
performance of anomaly detection via two closed loops,
i.e. video frame → optical flow → video frame and
optical flow → video frame → optical flow.

3. METHOD
In this section, we describe our anomaly detection
method in detail. First, in Section 3.1, the method of
extracting motion features is determined by comparison.
Section 3.2 gives an introduction to the cycle-consistent
adversarial networks. Then, Section 3.3 introduces the
training phase and presents how to identify abnormal
events via reconstruction errors.
3.1. Motion feature extraction
Under normal circumstances, people move a short
distance in adjacent video frames, and there is a large
amount of redundant information in the video, which
interferes with model training and leads to high
complexity of calculation. Therefore, before extracting
motion information, we first use the method in [22] to
extract the key frames of the video.
Optical flow refers to the change of light pattern on the
plane. In the field of computer vision, it refers to the
movement of pixels at various points in a video image
over time, reflecting the temporal and spatial changes in
the brightness of pixels in the video sequence and the
relationship between object motion and structure. It is
widely used in motion estimation and behavior
recognition for its rich motion information. In our work,
optical flow images extracted from the video sequence
are input into network as motion feature.
The dense optical flow algorithm is an image
registration method proposed by Gunnar Farneback [23]
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for point-by-point matching of images. FlowNet is the
first attempt to use CNN to directly predict optical flow.
It models the optical flow prediction problem as a
supervised deep learning problem. FlowNet2.0 [24]
makes improvements on FlowNet, with a small
concession in speed in exchange for a substantial increase
in performance. It stacks multiple FlowNet networks to
achieve the effect of “coarse-to-fine” and solves the
problem of inaccurate estimation of small displacement
of FlowNet.
We compare the performance of the above three
optical flow extraction methods on the CUHK Avenue
dataset [2]. Some optical flow images are shown in Fig.
1. It can be seen that the optical flow images extracted by
the dense optical flow algorithm is the most rough,
because traditional methods need to make trade-offs
between accuracy and speed. Compared with traditional
methods, FlowNet has greatly improved the accuracy,
while FlowNet2 algorithm has higher accuracy than
FlowNet.
Therefore, in this paper, FlowNet2.0 is selected as the
motion extraction method, and the obtained optical flow
images and video frames are simultaneously input into
the subsequent network for training.
3.2. Cycle-consistent Adversarial Networks
Cycle-consistent Adversarial Networks is a dual imagebased image style conversion technology, proposed by
Zhu et al. [11]. It uses a circular pair of generators and
discriminators to achieve image style conversion, as
shown in Fig. 2.
Through G , the mapping relationship between
domain X and domain Y is realized, that is, after G ,
image x in domain X is mapped to image G ( x) in
domain Y . D (Y ) is used to judge whether it is real
image or generated one. This constitutes a singlegeneration adversarial process. However, generating
confrontation only in this direction is not enough. It may
appear that all the pictures in domain X are mapped to

Fig.2 Cycle-consistent Adversarial Networks

the same picture in domain Y . In order to avoid this
problem, the generation confrontation process in another
direction is added, that is, the image y in domain Y is
mapped to domain X to generate the image F ( y )
through the mapping F . Similarly, D( X ) is used to
determine whether it is real image or generated one.
The model needs to learn mapping G and mapping
F , and at the same time, it must meet the requirement of
cycle consistency, that is, F (G ( x))  x and
G( F ( y ))  y .
3.3. Anomaly detection algorithm based on
CycleGAN
In anomaly detection task, in order to learn the pattern of
normal behavior, the generative model can be used to
reconstruct the normal behavior with the smallest error,
then the normal frame and the abnormal one can be
distinguished according to the characteristics of the
abnormal behavior with a larger reconstruction error.
The dual generation adversarial model of the
CycleGAN can be regarded as a reconstruction process
in two directions, x → G ( x) → xˆ and y → F ( y ) → yˆ .
This paper reconstructs the video frames (considered as
domain X ) and its motion features (considered as
domain Y ) that only contain normal behavior. By
reducing cycle-consistency loss, the reconstruction error
of normal behavior is as small as possible.
The structure of the overall network to learn normal
behaviors is shown in Fig.3. Given original video frames
 x and optical flow images  y , our goal is to learn
mapping functions between domain X and Y .
Specifically, we denote the distribution of original
normal frames as x pdata ( x ) , where x  X , and the
distribution of optical flow images obtained by
FlowNet2.0 [24] as y pdata ( y ) , where y  Y . As
illustrated in Fig. 3, our model contains two mappings,
G : X → Y and F : Y → X . Besides, we introduce two
adversarial discriminators D( X ) and D (Y ) . D( X )
aims to distinguish between the video frame F ( y )
generated from the original optical flow and the original
video frame x . In the same way, D (Y ) aims to

Fig.1 Optical flow images extracted by dense optical flow
algorithm, FlowNet and FlowNet 2.0

distinguish between the optical flow G ( x) generated
from the original video frame and the original optical
flow y .
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Fig. 3 Overall structure of the proposed method based on cycle-consistent adversarial networks

G, F , D( X ) and D (Y ) are trained by adversarial
loss and cycle-consistency loss. The adversarial loss is
used to match the distribution of the generated images
with that of the target domain. The cycle-consistency loss
is to keep the contour information of the input image and
prevent the learned mappings G and F from
contradicting each other.
We apply the adversarial loss to both mapping
functions. For the mapping function G : X → Y and its
discriminator D (Y ) , the objective can be expressed as:

log DY (Y )
( x )  log(1 − DY (G ( X ))) 

LGAN (G, DY , X , Y ) = E y
+ Ex

pdata

pdata ( y )

(1)

where G attempts to generate the optical flow G ( x)
from the original video frame x , while D (Y ) tries to
differentiate the generated optical flow G ( x) from the
original optical flow y . Consequently, G tries to
reduce LGAN (G , DY , X , Y ) , while D (Y ) increase it.
Similarly, for the mapping F : Y → X and its
discriminator D( X ) , the objective is:

log DX ( x)
( y )  log(1 − DX ( F ( y )) 

LGAN ( F , DX , Y , X ) = Ex
+ Ey

pdata

pdata ( x )

(2)

Theoretically, adversarial training can learn the
mapping G and F which produce outputs identically
distributed as target domains X and Y , respectively.
However, the adversarial loss is not sufficient to produce
desired images, as it leaves the model under-constrained.
Thus, cycle-consistency loss is introduced to reduce the
possible space of the mapping function. Each video
frame 𝑥 passes through the generation loop, i.e.
x → G( x) → F (G( x))  x , ultimately making the
reconstructed video frame F (G ( x)) almost identical to
the original video frame x . In this way, the important
information in the video frame can be retained. The loop
x → G( x) → F (G( x))  x is called forward cycle
consistency. For the same reason, the optical flow y
should be consistent with the backward cycle consistency,
i.e. y → F ( y ) → G ( F ( y ))  y .The cycle-consistency
loss is denoted as:

Lcyc (G, F ) = Ex
+ Ey

pdata ( x )

 F (G ( x)) − x 1 



pdata ( y )  G ( F ( y )) − y 1 

(3)

In summary, our complete objective function is:

L(G, F , DX , DY ) = LGAN (G, DY , X , Y )
+ LGAN ( F , DX , Y , X ) +  Lcyc (G, F )
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where  controls the relative importance of adversarial
loss and cycle-consistency loss.
Theoretical analysis shows that cycle-consistency loss
coefficient plays an important role in image generation,
and the quality of the generated image can be controlled
by adjusting the coefficient  .
Then, our goal is to solve:

G* , F * = arg min max L(G, F , DX , DY )
G , F DX , DY

(5)

In Section 4.3, we analyze the influence of different 
on the accuracy of anomaly detection and compare the
effects of our method with ablations of the complete
objective function for anomaly detection in the videos.
In the testing phase, we can use the difference between
the reconstructed video frame and the original video
frame for anomaly detection. Specifically, the testing
video frames are input into the network and then
reconstructed through the generators G and F
sequentially. Since the network only learns normal
behaviors in the training phase, the region representing
anomaly will have a larger reconstruction error than that
of the normal region. As shown in Fig. 4, the portion of
the reconstructed frame corresponding to the bag thrown
by a person is blurred. Following [25], we use Peak
Signal-to-Noise Ratio (PSNR) which assesses image
quality to measure the reconstruction error, which can be
calculated by:

 max xˆ 

2

PSNR ( x, xˆ ) = 10 log10

1
N

N

 ( x − xˆ )
i =0

i

2

(6)

i

where x denotes the original frame, xˆ = F (G ( x))
represents the reconstructed frame and N is the total
number of pixels. We normalize the PSNR of all frames
in the testing set to the range [0,1] and calculate the
regular score via equation (7). M is the total number of
the testing video frames and k means the k -th frame.
Higher S (k ) implies that the reconstructed frame is
more similar to the original frame, further implying that
the frame is more likely to be normal. A threshold can be
set to identify whether the frame is normal or not. The best
threshold is obtained by training and cross-validation of a
small amount of labeled data in the scene.

Fig. 4 Our testing architecture

Sk =

PSNR( xk , xˆk ) − min PSNR( xl , xˆl )
0l  M

max PSNR( xl , xˆl ) − min PSNR( xl , xˆl )

0l  M

(7)

0l  M

4. EXPERIMENTS
4.1. Datasets
Avenue The CUHK Avenue dataset [2] contains 16
training and 21 testing videos. In total, there are 15328
frames in the training set and 15324 frames in the testing
set. The resolution of each frame is 640×360. There are
47 abnormal events, including throwing, loitering and
running. In the dataset, the size of the person changes with
the position and angle of the camera.
UMN The UMN dataset [26] consists of three different
crowded scenes, each with 1453, 4144, 2144 frames,
respectively. The resolution is 320 × 240. In these three
scenarios, the normal event is that people walking around,
and the abnormal behavior is defined as people running
in all directions. Consistent with [5], we use the first 400
normal frames of each scene for training.
4.2. Evaluation metric
In [2, 3], the Receiver Operating Characteristic (ROC) is
calculated by gradually changing the threshold of the
regular score, and then the Area Under Curve (AUC) is
evaluated for performance. The higher the value of the
AUC is, the better the performance of anomaly detection
achieves. Following [1, 25, 27], we exploit frame-level
AUC for performance evaluation.
4.3. Analysis of the loss function
First, we analyze the effects of different  in equation (4)
in our method. If the value of  is large, the training
process is dominated by the cycle-consistency loss, and
the generated image can better retain the contour, but
cannot be close to the distribution of the target domain.
On the contrary, the generated image can better
approximate the target domain distribution, but cannot
well retain the contour of the input image. Therefore, the
gap between the two needs to be balanced. In the original
CycleGAN, the value of  defaults to 10. In order to ensure
that  changes within a reasonable range, and to observe
the trend of AUC with  , we select six values of  in our
verification experiment, namely 0.5, 1, 5, 10, 15 and 20.
On the one hand, we can verify the effectiveness of the
cycle-consistency loss. On the other hand, we can
intuitively observe the influence of the value of  on the
accuracy of anomaly detection within a reasonable range,
so as to select an appropriate coefficient. Experimental
results on the Avenue dataset and UMN dataset are
shown in Fig. 5, where on (a) the Avenue dataset, (b) the
first scene of the UMN dataset, (c) the second scene of
the UMN dataset, (d) the third scene of the UMN dataset.
It can be observed from equation (4) and Fig. 5 that the
value of  will affect the loss function and thus the final
AUC, which is the highest when  = 10 for all datasets.
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(a)

(c)
Fig. 5 Frame-level AUC with different

Table 2 AUC of different methods
on Avenue Datasets
Method
AUC
Conv-AE [1]
80.0 %
DeepAppearance [4]
84.6 %
Liu et al. [25]
85.1 %
Stacked RNN [27]
81.7 %
Del et al. [28]
78.3 %
ConvLSTM-AE [29]
77.0 %
Unmasking [30]
80.6 %
Proposed method
86.4 %

(b)



where S (k ) is obtained by equation (7). Higher
anomaly score means that the video frame is more likely
to contain abnormal events. It can be noticed that our
scores correlate well to the ground truth. We mark four
video frames including normal and abnormal behaviors
in Fig. 6. In the last place where the “throwing” behavior
occurs, it is labeled as abnormal in the ground truth, while
the anomaly score has a large decrease. In fact, by
checking the testing set, we find that the person throwing
a bag does not appear in several frames, so the anomaly
score dropping sharply here is in line with the actual
situation. The effectiveness of our method is
demonstrated.

(d)

Table 1 AUC of different loss function
on Avenue dataset
Loss
AUC
GAN alone
82.3 %
Cycle alone
75.6 %
GAN + forward cycle
85.4 %
GAN + backward cycle
83.9 %
CycleGAN(ours)
86.4 %

Further, we compare the different parts of the loss
function in Table 1. Taking the Avenue dataset as an
example, it can be observed that removing the GAN loss
or the cycle-consistency loss degrades the AUC score.
Therefore, we conclude that the GAN loss and the cycleconsistency loss are essential to our anomaly detection
method. We also evaluate the effect of the cycle loss in
one direction, i.e. GAN+forward cycle loss

 F (G ( x)) − x 1  , or GAN+backward cycle
loss E y pdata ( y )  G ( F ( y )) − y 1  in equation (3), and
Ex

pdata ( x )

find that the AUC decreases somewhat compared to the
full objective function. In summary, the cycle losses in
both directions improve the performance of anomaly
detection.

Fig. 6 Frame-level anomaly detection scores

4.4. Results on the Avenue dataset
We compare the proposed method based on the cycleconsistent adversarial networks with the existing
methods [1, 4, 25, 27-30] on the Avenue dataset. The
AUC scores for the different methods are listed in Table
2. As can be seen from the table, our approach can
surpass the performance of the latest methods.
In Fig. 6, we show the frame-level anomaly scores
(between 0 and 1) of the 5th and 6th testing videos in the
Avenue dataset produced by our framework. The
anomaly score of each frame is given by:

S '(k ) = 1 − S (k )

(8)

Fig. 7 Visual results in pixel-level
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Fig. 7 shows the visual results of the algorithm of this
paper and the method in [25] in pixel-level. They both
draw on the idea of GAN, and use optical flow as a
constraint on the network. The difference with the
algorithm proposed in [25] is that our method uses the
idea of reconstruction to detect abnormal behavior, and
retains the details of the image through the reconstruction
of frames and optical flow, which can better learn the
normal behavior pattern.
In Fig. 7, the first column is the original frames. The
second is the visualization results of [25], illustrating the
reconstruction errors between the original video frames
and the reconstructed video frames. And we present our
visualization results in the third column. Finally, we
show the pixel-level ground truth in the last column.
Rows (a)-(f) represent (a) 364th frame in video 6. (b)
541st frame in video 6. (c) 823rd frame in video 6. (d)
961st frame in video 6. (e) 100th frame in video 20. (f)
1261st frame in video 12, respectively. As shown in Fig.
7(a) and (b), [25] cannot detect the beginning of the
abnormal behavior. And it can be observed in Fig. 7(c),
(d) and (e) that [25] fails in detecting bag and paper
thrown by a person, while our method can clearly screen
out the objects that have not been learned. Fig. 7(f)
displays the results of the normal video frame, indicating
that our method is comparable to [26] in reconstructing
normal events, which has small reconstruction errors.
4.5. Results on the UMN dataset
In Table 3, we compare the proposed method with [4-5,
26, 31-34] on the UMN dataset. The frame-level AUC
for each scene and the average value for the dataset are
reported. From the table, our method outperforms the
state-of-the-art methods on both the first scene and the
second scene and achieves comparable results for the
third scene.
In Fig. 8, we show the frame-level anomaly scores
(between 0 and 1) calculated by equation (8) for the
second scene. We can find that when the threshold is set
to around 0.5, the abnormal behaviors can be accurately
detected without any false positive detections. It can be
observed that the frame has a local maximum score when
people run in all directions. In addition, the scores
increase before some abnormal events occur, for example,
before the 1367th and 2086th frame of the second scene.
By carefully studying the dataset, it is known that people
begin to run in all directions before the occurrence of
these two anomaly events, as shown in Fig. 9, where the
left and right subgraphs is the 1348th and 2077th frame
of the second scene. This proves the good performance
of our method in real world. Because the proposed
algorithm allows us to be aware of abnormal events
before they occur, so that we can deal with them in time,
meeting the real-time requirements of abnormal
detection.
4.6. Running time
Our proposed method is implemented with TensorFlow.
We benchmark the performance of our method on the

Fig. 8 Frame-level anomaly detection scores provided by
our framework for the second scene in the UMN dataset

Fig. 9 Frames in the UMN datasets that people began to
run in all directions before the two events are labeled as
“abnormal”

Avenue and UMN dataset. All testing phases are
performed on NVIDIA TITAN Xp GPUs with Intel
Xeon(R) E5-2650 2.20GHz CPUs. The average running
time is 13 fps, including the whole reconstruction process.
We also report the running time of other methods such as
0.5 fps in [17], 20 fps in [30] and 25 fps in [25].

5. CONCLUSION
In this paper, we present an anomaly detection structure
based on cycle-consistent adversarial networks. The
proposed network learns the internal representation of the
scene with normal video frames and corresponding
optical flow images. Cycle-consistency loss is used to
minimize the reconstruction errors of the normal video
frames and the optical flow images. In the testing phase,
the regions corresponding to the abnormal events will
have a larger reconstruction error than the normal events.
Our method makes full use of appearance and motion
information to reconstruct video frames. After the
confrontation process of CycleGAN, our model has the
ability to accurately reconstruct normal behaviors,
thereby accurately judging abnormal ones. A large
number of experimental results on public datasets show
that our proposed method outperforms existing
approaches, which demonstrates the effectiveness of our
anomaly detection method. In the future, we will reduce
the computational complexity on the basis of ensuring the
accuracy of the algorithm, and focus on improving the
real-time performance of the algorithm to better apply it
in actual scenarios.
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Method
DeepAppearance [4]
Cong et al. [5]
Mehran et al. [25]
Saligrama et al. [30]
Sun et al. [31]
Wang et al. [32]
Zhang et al. [33]
Proposed method

Table 3 AUC of different methods on the UMN dataset
Scene 1
Scene 2
Scene 3
98.8 %
93.6 %
98.9 %
99.5 %
97.5 %
96.4 %
99.8 %
99.3 %
99.9 %
99.9 %
94.5 %
97.6 %
99.2 %
98.3 %
98.7 %
99.7 %
99.9 %
99.8 %
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