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Abstract—Novelty is the quality of being different, new and 

unusual. Identifying it is an important issue in various fields 

such as anomaly detection in video. To detect the novelty, there 

are supervised learning methods that define and classify inliers 

and outliers, and unsupervised learning methods that define the 

distribution of inliers and identify whether objects are normal 

or abnormal. The former has limitations that the labeled data is 

required and the novelty which cannot be defined is not detected. 

To cope with the problems, the latter has recently been explored, 

but it is difficult to define an appropriate distribution for 

normal data and learn in an end-to-end manner due to 

unavailability of outliers. In this paper, we propose a novel one-

class novelty detection method with constant curvature 

adversarial autoencoder. It consists of three components: an 

encoder, a decoder, and a discriminator. The encoder and 

discriminator interact with each other in adversarial and learn 

the distribution of normal data only. The decoder reconstructs 

the data to verify that the feature of the data is well extracted to 

the latent variable that is the output of the encoder. We also 

train the model to define a distribution for normal data as a 

constant curvature manifold, a non-Euclidean space, for the 

diversity of data distribution. The proposed method is verified 

with the well-known benchmark datasets: MNIST, CALTECH-

256, and UCSD Pedestrian 1. For the area under curve as a 

measure of the performance, the proposed method shows the 

state-of-the-art performance with 0.87, 0.94, and 0.89 on 

average for the datasets, respectively.  

Keywords—novelty detection, one-class classifier, adversarial 

learning, autoencoder, constant curvature manifold 

I. INTRODUCTION 

As the use of surveillance cameras and the limitations of 
human-based reviewing and anomaly detection of 
surveillance systems increase, the need for automated 
anomaly detection systems occurs [1]. A fundamental 
challenge of autonomous video surveillance systems is to 
automatically detect the novelty or anomaly, defined as 
unseen, unusual, uncommon or irregular event, in complex 
and crowded scenes [2,3]. Novelty detection is the process of 
identifying a newly detected object to determine whether it is 
inlier or outlier. Novelty refers to an object or behavior that 
has not been observed before, and it is related to various fields 
such as outlier detection [4-6], anomaly detection in images 

and videos [2,7-9], and unseen malware (zero-day attack) 
detection [10,11]. 

Supervised learning, a simple method for novelty 
detection, learns binary classifiers by defining the normal and 
abnormal (i.e., novelty) in advance and then updating the 
parameters of the model using the following equation [12-15].  

 𝜃∗ = argmin𝜃[Σ(𝑥𝑖,𝑦𝑖)∈𝒟ℒ(𝑦𝑖 , 𝑓(𝑥𝑖 ; 𝜃)] (1) 

where 𝜃∗ and 𝜃  are the optimal and original parameters of 
model 𝑓, 𝑥𝑖 and 𝑦𝑖  are input data and the corresponding label, 
respectively, 𝒟  is the dataset, and ℒ  is a loss function of 
measuring the difference between real and predicted labels of 
𝑓(𝑥; 𝜃). However, because this method requires labeled data, 
it is expensive at the prerequisite stages such as data collection 
and labeling to learn the detector. In addition, this method has 
the disadvantage that undefined novelty is difficult to be 
detected. Therefore, recently, an unsupervised method of 
detecting novelty by defining and learning the distribution of 
inliers without outliers has been studied [16-20]. The 
unsupervised model 𝑓  learns the distribution 𝑝𝑑(𝑥𝑛)  by 
taking only normal data 𝑥𝑛 as input. The trained 𝑓 takes new 
or unexplained set of data as input, and identifies whether 
𝑓(𝑥) is within 𝑝𝑑(𝑥𝑛) or not. Since the distributions of actual 
data such as image and video are complex and unknown, it is 
difficult to define them, so they are usually defined as a simple 
distribution, unit or Gaussian distribution, and approximated. 
In the field of novelty detection, an autoencoder (AE) 
structure and adversarial learning method are used to define 
the data representation [15,17-20]. AE-based models are well 
known to efficiently extract features so that even unseen data 
follow a simply defined distribution [21]. 

In this paper, we propose a one-class novelty detection 
method with constant curvature manifold (CCM) which is 
trained in adversarial to overcome the limitations of previous 
studies for novelty detection. The proposed model consists of 
an encoder that extracts the features of the data, a decoder that 
reconstructs the data to verify the extracted features, and a 
discriminator that learns with the encoder in adversarial and 
defines the distribution or latent space of the data. We can 
effectively detect novelty by constructing a constant curvature 
embedding space, a non-Euclidean distribution, based on a 



model trained in adversarial that can define complex 
distributions such as swiss rolls in order to preserve the 
diversity of the data distribution and fully reflect it in the latent 
space. Besides, in order to prevent the heavy model due to the 
adversarial learning, the discriminator is placed behind the 
encoder rather than behind the decoder to classify the 
extracted features directly. Inspired by Sabokrou et al., we add 
Gaussian noise to the input training normal data to make the 
proposed novelty detector more robust to noise and corrupt 
input samples [9]. Our main contributions are as follows. 

• We develop a novelty detector by defining a CCM that 
plays an important role in the embedding space for the 
diversity of normal data distribution. 

• Although training an end-to-end deep learning mode is 
not straightforward, we construct it in adversarial way. 

• The proposed model achieves the state-of-the-art 
performance with MNIST, CALTECH-256, and 
UCSD Ped1 datasets. 

The rest of this paper is organized as follows. The previous 
research related to novelty detection using machine learning 
methods are introduced and the limitations of them are 
described in Section II. To overcome these problems, we 
propose a novel method in Section III and verify its 
performance in Section IV. Conclusions and future works are 
discussed in Section V. 

II. RELATED WORKS 

Several studies have been conducted to detect novelty or 
anomaly. There are two approaches for novelty detection: 

supervised and unsupervised methods. The summary of the 
related works are shown in Table 1. 

Despite the difficulties in data collection, novelty 
detection model trained in supervised way has been studied 
due to its high performance. Mehran et al. introduced a novel 
method to detect and localize abnormal behaviors in crowd 
videos using social force model [12]. Ma et al. presented a 
framework that supports anomaly detection in uncertain 
pseudo-periodic data streams [13]. Akcay et al. trained an 
anomaly detector in adversarial for determination of the 
normal from the abnormal [14]. Shin and Cho addressed the 
class imbalance problem in anomaly detection and proposed a 
data augmentation method using generative adversarial 
network (GAN) [15]. As we mentioned, since the above 
studies trained the novelty or abnormal detection model in a 
supervised way, they suffer from several problems such as 
class imbalance, a small number of anomaly data, and 
vulnerability to undefined novelty.  

 A novelty detector trained in unsupervised manner 
overcomes some limitations on supervised model. Typically, 
in this approach, a latent space or a distribution of normal data 
are defined and  then a given object is checked to identify if it 
is within the space or distribution. Zhao et al. proposed a 
model to detect an unusual events in videos via dynamic 
sparse coding [16]. Schlegl et al. presented a unsupervised 
anomaly detection method with GAN to guide marker 
discovery [17]. Liu et al. constructed future frame prediction 
model for anomaly detection [18]. The predicted frames are 
compared with the actual future frames, and if the difference 
is large, it is classified as abnormal. Sabokrou et al. proposed 
an end-to-end architecture for one-class classification [9]. 

TABLE I.  THE SUMMARY OF THE RELATED WORKS 

Category Author Description 

Supervised 

Mehran  et al. (2009) [12] 
Propose a social force model to detect and localize abnormal 

behaviors in crowd videos 

Ma et al. (2016) [13] 
Present a supervised anomaly detection method using an efficient 

uncertainty pre-processing procedure 

Akcay et al. (2018) [14] 

Use a conditional generative adversarial network that jointly learns 

the generation of high-dimensional image space and the inference of 

latent sapce 

Shin and Cho (2018) [15] 
Propose a video anomaly classifier with a generative adversarial 

network that learns in a supervised learning manner 

Unsupervised 

Zhao et al. (2011) [16] 
Present real-time unusual event detector using a dynamic sparse 

coding 

Schlegl et al. (2017) [17] 
Perform unsupervised learning to identify anomalies in imaging data 

as candidates for markers 

Liu et al. (2018) [18] 
Leverage the difference between a predicted future frame and its 

ground truth to detect an abnormal event 

Sabokrou et al. (2018) [9] 
Introduce one-class classification framework composed of two main 

modules: R network and D network 

Zenati et al. (2018) [19] 
Demonstrate that recent generative adversarial network can be used 

to solve anomaly detection problem on high-dimensional space 

Perera et al. (2019) [20] 

Construct one-class generative adversarial network composed of 

four components: a denoising auto-encoder, two discriminators, and 

a classifier 

 

 



They constructed adversarially learned one-class classifier 
(ALOCC) composed of encoder, decoder, and discriminator 
for novelty detection. Inspired by Donahue et al., Zenati et al. 
leveraged modified GAN methods that simultaneously learn 
an encoder during training to develop an anomaly detection 
method [19,22]. Perera et al. proposed an one-class novelty 
detection method using GANs with constrained latent 
representation [20]. Recently, as mentioned above, many 
researchers have utilized autoencoder structure or adversarial  
learning method to learn a representation or a distribution of 
normal data. However, if the data representation is defined as 
a simple distribution, then the unseen data easily follows that 
distribution. This means that new data, which may be novel, 
may follow the distribution of normal data. To solve this 
problem, we propose a one-class novelty detection model 
based on constant curvature manifold that is a kind of the non-
Euclidean space.  

III. THE PROPOSED METHOD 

A. Oveiview 

A variational autoencoder (VAE) or GAN are not 
appropriate to learn a complex form of data representation 
[23,24]. Inspired by Mkhzani et al., we adopt the adversarial 
autoencoder (AAE) structure [25]. As shown in Fig. 1, the 
proposed model has three main components: an encoder, a 
decoder, and a discriminator. It has two differences with 
vanilla AAE. One is that we add a noise sampled from normal 
distribution to the input data to make the model more robust 
to noise and corrupt input samples, i.e., adversarial denoising 
autoencoder. The other is that our trained representation is a 
constant curvature manifold which is a sort of non-Euclidean 
space. We introduce the process or training strategy and the 
details of a constant curvature manifold in the next section.  

B. Normal Distribution Learning with CCM 

The 𝑑 -dimensional CCM 𝒯  is a Riemannian manifold 
characterized by a constant curvature κ ∈ ℝ. It can be defined 
as follows: 

 𝒯 = {x ∈ ℝd+1|〈𝑥, 𝑥〉 = 𝜅−1} (2) 

where 〈⋅,⋅〉 is a scalar product. In the CCM, it is defined from 
the pseudo-Euclidean scalar product: 

 〈𝑥, 𝑦〉 = 𝑥𝑇 (
𝐼𝑑×𝑑 0
0 −1

) 𝑦 (3) 

where 𝐼𝑑×𝑑 is the identity matrix with size of 𝑑 and 𝑇 means 
transpose operator. More details of the probability 
distributions on CCM are discussed in [26]. 

The three components are trained to define the data 
representation as the constant curvature manifold. An encoder 
𝑔 is trained to project the input data into latent space while the 
features of data are maintained. A discriminator 𝐷 learns to 
distinguish extracted features 𝑔(𝑥) of normal data from other 
extracted features 𝑔(𝑥′) of normal data with noise sampled 
from Gaussian distribution and random variable 𝑧  sampled 
from CCM. Simultaneously, the encoder learns to deceive the 
discriminator to recognize 𝑔(𝑥′)  as 𝑔(𝑥) , i.e., adversarial 
training process. Compared to the previous works [15,17-20], 
our discriminator has compressed features as input, resulting 
in the small size of the model. In this process, the encoder is 
forced to project 𝑥 and 𝑥′ to the same point which follows a 
CCM as shown in Fig. 2, and the discriminator is trained to 

classify 𝑔(𝑥) , 𝑔(𝑥′) , and 𝑧 . However, this implicit 
optimization is not sufficient for the encoder to learn the CCM 
[27]. Therefore, to explicitly verify whether the trained latent 
space forms CCM, we add a membership function 𝜇(⋅)  as 
follows: 

 𝜇(𝑧) = exp (
−(〈𝑧, 𝑧〉 − 𝜅−1)2

2𝜎2
) (4) 

where 𝜎 is the hyperparameters to control the scale of CCM. 
The final forms of the objective function ℒg and ℒD  for the 

encoder and the discriminator are as follows: 

 

ℒ𝑔 = 𝔼𝑥∼𝒳[𝑙(𝑥, 𝑓(𝑔(𝑥))] 

+𝔼𝑥′∼𝒳+𝑁𝜎
[log (1 − (𝐷(𝑔(𝑥′)) + 𝛼𝜇(𝑥′)))] 

 

(5) 

 

ℒ𝐷 

= 𝔼𝑥∼𝒳,𝑧∼𝐶𝐶𝑀
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log
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+𝛼𝜇(𝑥)

)
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]
 
 
 
 

 

      +𝔼𝑥′∼𝒳+𝑁𝜎
[log (𝐷(𝑔(𝑥′)) + 𝛼𝜇(𝑥′))] 

 

(6) 

where 𝛼 is a hyperparameter for balance between the outputs 
of discriminator (implicit verification) and the membership 
function (explicit verification), and 𝑙 is a binary function to 
measure the difference between the input data and the 
reconstructed data. 

A decoder 𝑓 is trained to restore the original data to verify 
the quality of the extracted features. Besides, even if the 

 

Fig. 1. The overall structure of the proposed one-class novelty detector 

 

 

Fig. 2. The adversarial training process of the encoder and the discriminator. 

𝐷 learns to clssify g(x) and g(x′). 𝑔 is trained to deceive the D. This process 

is repeated with the mini-batch units. 

 



original image is mixed with noise, 𝑓  learns the denoising 
ability to extract the key features by focusing on them. The 
objective function of decoder is shown in equation (7). To 
collaborate on the encoder and decoder, we also use the 
reconstruction loss function of the autoencoder, which is 
shown in equation (8). 

 ℒ𝑓 

= 𝔼𝑥∼𝒳,𝛼∼𝑁_𝜎[𝑙(𝑥, 𝑓(𝑔(𝑥)), 𝑙(𝑥, 𝑓(𝑔(𝑥 + 𝛼))] 
(7) 

 ℒ𝐴𝐸 = 𝔼𝑥∼𝒳[𝑙(𝑥, 𝑓(𝑔(𝑥))] (8) 

The final objective function for the proposed one-class 
novelty detection model is shown in equation (9). To balance 
each term, we use the hyperparameters 𝛽, 𝛾, and 𝛿. Algorithm 
1 shows the whole training process. 

 ℒ = ℒ𝐷 + 𝛽ℒ𝑔 + 𝛾ℒ𝑓 + 𝛿ℒ𝐴𝐸  (9) 

 

C. Novelty Detection 

Since the label information of data is not used in training 
the model, the output of the proposed model is not a class. 
Thus, we use the output value as anomaly or novelty score and 
decide whether it is normal or not with it as shown in equation 
(10). 

 𝑂(𝑥) = {
𝑇𝑎𝑟𝑔𝑒𝑡 𝐶𝑙𝑎𝑠𝑠               if 𝑀(𝑥) > 𝜏

𝑁𝑜𝑣𝑒𝑙𝑡𝑦 (𝑂𝑢𝑡𝑙𝑖𝑒𝑟)     otherwise   
 (10) 

where 𝑂(𝑥)  is a decision for input data 𝑥  on whether it is 
normal or not,  𝑀(⋅)  is the proposed one-class novelty 
detector, and 𝜏 is a threshold.  

IV. EXPERIMENTS 

A. Dataset and Experimental Settings 

To verify the performance of the proposed one-class 
novelty detector, we use well-known benchmark datasets: 
MNIST, CALTECH-256, and UCSD Ped1 datasets [28-30]. 
The first two are for novelty detection and the last is for video 
anomaly detection. In the experiments on novelty detection, 
we set a randomly sampled class as normal and the other as 

abnormal. Because of the large size of the frame image of the 
video data, it is divided into a patch having a size of 45×45. 
To label the data, in any frame, if a pixel is detected as an 
anomaly, that frame is labeled as abnormal. 

We set the hyperparameters 𝛼, 𝛽, 𝛾, and 𝛿 as 0.9, 0.1, 0.1, 
and 0.1, respectively, which is based on the empirical test.  We 
train the model for 30 epochs with Adam optimizer [31]. The 
encoder is composed of four convolutional neural networks 
(CNN) with BatchNormalization layer and LeakyReLU 
activation function [32,33]. The decoder consists of two 
deconvolutional neural networks (deConv) and two CNNs 
with BatchNormalization layer and Leaky ReLU activation 
function [34]. The discriminator is constructed as fully 
connected network. We analyze the results with the area under 
the curve (AUC) of the receiver operating characteristics 
(ROC), true positive rate (TPR)  as a function of false positive 
rate (FPR) for different points, each of which is a TPR-FPR 
value for different thresholds. 

B. Results of Novelty Detection 

The numerical results on MNIST dataset is AUC of 87.2% 
on average, which is higher than those of the previous works 
[14,17,19,23]. Fig. 3 illustrates the examples of reconstructed 
MNIST data. Except for '0', which is defined as the novelty 
class, we can see that the images of all other classes are well 
reconstructed. This means that the proposed model can 
recognize the normal data, but not novelty. 

To verify the performance of the proposed novelty 
detection model, we also use a CALTECH-256 dataset. In this 
experiment, we compare the proposed model with Coherence 
Pursuit (CoP), REAPER, Outlier Pursuit, Low-Rank 
Representation (LRR), and Dual Principal Component Pursuit 
(DPCP) [35-39]. The results are shown in Table II. The 
proposed model has the best or very close to the best 
performance.  

C. Results of Video Anomaly Detection 

In order to evaluate the detection performance of 
abnormality as well as the novelty, we conduct experiments 
using UCSD Ped1 dataset. As in experiments on novelty 
detection, the reconstructed images and numerical results are 
shown in Fig. 4 and Table III, respectively. The objects such 
as bicycle or car which is not observed in training dataset 
cannot be reconstructed well. We compare the proposed 
model with MPPCA, MPPC+SFA, MDT, Conv-AE, 
ConvLSTM-AE, Unmasking, and the model proposed by Liu 
et al. [18,40-44]. The proposed novelty detector has the best 
performance.  

The novelty detector in the video learned through the 
method proposed in this paper does not detect abnormal 
behavior because it receives input in frame units. However, 

 

Fig. 3. The reconstruced images of MNIST dataset. In this exmaple, we set 

the ‘0’ as abnormal (or novelty) and others as normal. 

 

Algorithm 1. Training process 

Input: hyperparameters 

Output: discriminator 𝐷, autoencoder 

AE, encoder 𝑔, and decoder 𝑓 

for 𝑖 = 1,… ,𝑀 do 

   for j = 1, … , N do 

Sample 𝑥 and 𝑥′ from 𝒳 and 𝒳 + 𝑁𝜎 

Sample 𝑧 from CCM 

ℒ𝐷 ← ℒ𝐷 −
𝜕ℒ𝐷

𝜃𝐷
(x, x′, z)  

ℒ𝐴𝐸 ← ℒ𝐴𝐸 −
𝜕ℒ𝐴𝐸

𝜃𝐴𝐸
(𝑥)  

ℒ𝑔 ← ℒ𝑔 −
𝜕ℒ𝑔

𝜃𝑔
(𝑥, 𝑥′)  

ℒ𝑓 ← ℒ𝑓 −
𝜕ℒ𝑓

𝜃𝑓
(x, x′)  

end for 

end for 

return 𝑓, g, and 𝐷 

where 𝑀 is the number of epochs and 𝑁 is the number of 

batchs. 



the performance on anomaly detection in frame units achieves 
the state-of-the-art performance over conventional methods. 
Therefore, we can solve this limitation by constructing the 
time series latent space while maintaining the capacity to 
detect static anomaly in video, but leave it for the future study. 

V. CONCLUSIONS 

In this paper, we propose a novel one-class novelty 
detection model with a constant curvature manifold. Since 
there are limitations on supervised or unsupervised methods, 
we define the data representation as a form of CCM using 
adversarial autoencoder structure. The proposed model is 
verified with various datasets including MNIST, CALTECH-
256, and UCSD Ped1 datasets. It achieves the state-of-the-art 
performance in novelty detection and video anomaly detection.  

We plan to construct complete novelty or anomaly 
detection system and use it in the real situations. Since the size 
of our model is small, we can embed it to a local embedded 
board such as CCTV. Our model could not detect the 
abnormal behavior due to inability to recognize a temporal 
information. To improve the proposed model, we will define 
the temporal latent space so as to detect abnormal behavior as 
well as novelty. 
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 Model CoP [35] 
REAPER 

[36] 

OutlierPursuit 

[37] 
LRR [38] DPCP [39] Ours 

1 normal 

class 
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F1 0.880 0.808 0.823 0.893 0.785 0.849 

3 normal 

class 
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5 normal 

class 

AUC 0.487 0.657 0.629 0.337 0.676 0.670 
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Fig. 4. The reconstructed (a) normal frames and (b) abnormal frames of UCSD Ped1 dataset. Compared to the normal patches, the novelty objects such as 

bicycle or car are not reconstructed well.  

 

TABLE III.  THE AUC RESULTS WITH UCSD PED1 DATASET 

Models AUC on UCSD Ped1 

MPPCA [40] 0.59 

MPPC_SFA [41] 0.67 

MDT [41] 0.82 

Conv-AE [42] 0.75 

ConvLSTM-AE [43] 0.76 

Unmasking [44] 0.68 

Liu et al. [18] 0.83 

Ours 0.89 
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