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Abstract 
Anomaly detection is a critical task across various domains. 
Fundamentally, anomaly detection models offer methods to 
identify unusual patterns that do not align with expected be-
haviors. Notably, in the medical field, detecting anomalies 
in medical imagery or biometrics can facilitate early diagno-
sis of diseases. Consequently, we propose the Skip-
GANomaly++ model, an enhanced and more efficient ver-
sion of the conventional anomaly detection models. The 
proposed model's performance was evaluated through com-
parative experiments. Experimental results demonstrated 
superior performance across most classes compared to the 
previous models. 

 Introduction    
In traditional deep learning for computer vision tasks that 
classify between normal and abnormal, a supervised ap-
proach is essential to achieve optimal performance. A su-
pervised approach necessitates a substantial amount of la-
beled data. However, obtaining a significant volume of la-
beled data for regions of interest in the real world is a for-
midable challenge. Consequently, in this study, we propose 
an Anomaly Detection model utilizing a semi-supervised 
approach, which obviates the need to consider the balance 
issue in datasets. This method trains the model using only 
normal data. Subsequently, during the test phase, it classi-
fies between normal and abnormal. Upon reviewing related 
studies, GANomaly (Akcay et al., 2019) is an anomaly de-
tection model that leverages the generative adversarial 
network (GAN) and is composed of a generator, an encod-
er, and a discriminator. Skip-GANomaly (Akcay et al., 
2019), as the name suggests, is an image-based anomaly 
detection model similar to the GANomaly model but aug-
mented with skip-connections. While skip-connections ex-
cel in extracting fine details from the image space and pro-
ducing high-quality reconstructed images, there's a poten-
tial pitfall during training where certain features might be 
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overly emphasized, potentially compromising the model's 
generalization capability. Therefore, we propose an im-
proved Skip-GANomaly model called Skip-GANomaly++, 
which employs skip-connections while addressing the gen-
eralization issues. 

Proposed Method: Skip-GANomaly++ 
We propose an Anomaly Detection method utilizing a 
semi-supervised approach. The Skip-GANomaly++ is 
based on GAN and consists of two subnetworks: a genera-
tor and a discriminator. The generator is composed of a 
single stem block, three encoders, Atrous Spatial Pyrami-
dal Pooling (ASPP) (Chen et al., 2016), and three decoders. 
Increasing the depth of the neural network is an effective 
strategy to enhance the model's accuracy. However, as the 
neural network becomes deeper, it can hinder the training 
process and induce degradation issues. Thus, we employ 
residual units (He et al., 2016) in every block. By using 
both residual units and skip-connections, we can stabilize 
the gradients, enabling the training of deeper networks. 
Additionally, we employ ASPP at the junction connecting 
the encoder and decoder. ASPP, combining atrous convo-
lution and spatial pyramid poling, excels at effectively cap-
turing varied scales and contextual information from fine 
to broad regions of the image. Consequently, ASPP can ef-
fectively address the loss of image information that occurs 
in the Encoder. The discriminator predicts the class of the 
given input data. In GAN, the discriminator differentiates 
between real images and reconstructed images generated 
by the generator. In this model, beyond the aforementioned 
role, it is also employed to compute the latent representa-
tions of both the real and reconstructed images. Lastly, the 
Skip-GANomaly++ calculates the similarity between the 
real image input and the reconstructed image generated by 
the generator, utilizing this as the anomaly score. Figure 1 
shows the architecture of the proposed model. 
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Figure 1: Detailed network architecture of the proposed model 

 

Model 

CIFAR-10 

bird car truck ship cat deer frog horse airplane dog 

EGBAD 0.383 0.514 0.555 0.413 0.448 0.374 0.353 0.526 0.577 0.481 

AnoGAN 0.411 0.492 0.511 0.567 0.399 0.335 0.321 0.399 0.516 0.393 

GANomaly 0.510 0.631 0.617 0.616 0.587 0.593 0.683 0.605 0.633 0.628 

Skip-GANomaly 0.448 0.953 0.907 0.659 0.607 0.602 0.931 0.788 0.797 0.615 

Proposed-model 0.819 0.891 0.892 0.998 0.907 0.998 0.999 0.832 0.984 0.818 

Table 1: Comparison results of AUC scores for each class

Experimental Setup 
To validate the proof of concept for our proposed model, 
we conduct evaluations using the benchmark CIFAR-10 
dataset. Experiments on the CIFAR-10 dataset follow a 
one-leave-out approach. The CIFAR-10 dataset comprises 
45,000 normal samples for model training and ten distinct 
test sets, each consisting of 9,000 normal and 6,000 ab-
normal samples. Additionally, for a quantitative evaluation 
of our model, we conduct comparative experiments with 
the GANomaly, Skip-GANomaly, AnoGAN (Schlegl et al., 
2017) and EGBAD (Zenati et al., 2018) models. All data 
used for training and testing are resized to 32x32 dimen-
sions and normalized, scaling the pixel values between 0 
and 1. For a quantitative assessment of the model's efficacy, 
we employ the area under the receiver operating character-
istic curve (AUC-ROC) as a key performance indicator. 
The ROC curve delineates the relationship between the 
True Positive Rate (TPR) and the False Positive Rate 
(FPR). Notably, an AUC score approaching 1 signifies op-
timal model performance. 

Experimental Results 
The model we propose has been benchmarked against 
models such as GANomaly, Skip-GANomaly, AnoGAN, 
and EGBAD. Upon examining the results in Table 1, it is 
evident that, with the exception of the 'car' and 'truck' clas-
ses, our model outperforms the established models across 
all other classes. Notably, classes like 'bird', 'deer', and 'cat' 
were ones where prior research consistently failed to yield 
impressive results. However, our proposed model demon-
strated superior performance even in these challenging 
classes. Conseq uently, this paper proposes a model that 
not only enhances performance compared to existing mod-
els but also effectively identifies anomalies. 
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