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Abstract: The exponentially growing number of pornographic 

material has brought many challenges to the modern daily life, 

particularly where children and minors have unlimited access to 

the internet. In Malaysia, all local and foreign films should obtain 

the suitability approval before distribution or public viewing, and 

this process of screening visual contents of all the TV channels 

imposes a huge censorship cost to the service providers such as 

Unifi TV. To leverage this issue, this paper proposes to use an 

emerging model of Deep Learning (DL) techniques called 

Residual Learning Convolutional Neural Networks (ResNet), in 

order to automate the process of nudity detection in visual 

contents. The pre-trained ResNet model, with hundred and one 

layers, was utilized to perform transfer learning and solve a new 

binary classification problem of nudity versus non-nudity. The 

performance of the proposed model is evaluated based on a newly 

created dataset comprising more than 4k samples of nudity and 

non-nudity images. After conducting experiments on the nudity 

dataset, the deep learning method succeeded to achieve the best 

performance of 70.42% in term of F-score, 84.04% in term of 

accuracy, and 93.72% in term of AUC . 

 
Index Terms: convolutional neural network, deep learning, 

nudity recognition, residual learning block.  

I. INTRODUCTION 

  Filtering inappropriate visual contents from the different 

sources (internet TV, web pages, etc.) is a primary concern in 

different environments such as schools, homes or workplaces. 

In Malaysia, according to Ministry of Home Affairs – 

Security Collective Responsibility, all the TV channel 

providers are expected to obtain suitability approval before 

granting access to their subscribers or public users. One part 

of suitability assessment involves nudity identification which 

most of the time imposes a huge censorship cost to the service 

providers by means of recruiting large number of manpower 

constantly working over the months.  

The main purpose of this research is to automate this 

tedious and laborious task of nudity detection by proposing to 

exploit the power of deep learning (DL) techniques as in [1]. 

More particularly, it is proposed to employ a certain DL 

model named Convolutional Neural Networks (CNN) [2] 

which have recently achieved the best performances in all 

visual recognition tasks (classification, segmentation, 

detection, localization, etc.) including pornography and adult 

content recognition as reported in [3]–[6]. 

 
Revised Manuscript Received on August 18, 2019.  

Rasoul Banaeeyan, Hezerul Abdul Karim, Haris Lye, Mohamad 

Faizal Ahmad Fauzi, Sarina Mansor, Faculty of Engineering, Multimedia 

University, Cyberjaya, Malaysia. 

John See, Faculty of Computing Informatics, Multimedia University, 

Cyberjaya, Malaysia. 

Although there are several attempts in the literature in order 

to address the problem of nudity detection, there is variation 

in the definition of the word “Nudity” in our work with those 

previous scholarly works [3], [7]–[11]. For instance, a women 

wearing a bikini is considered a regular content in USA or 

Europe, but it is defined as adult content in Malaysia (and 

even other countries like Indonesia, or Brunei). In our paper, 

we adhere to the definition of the “Nudity” as determined by 

the Ministry of Home Affairs, Malaysia. We also created a 

new dataset of nudity images which best reflect the nudity 

samples targeted in this research. 

The paper is organized as follows. The next section (II) 

briefly overviews the recent similar works in the domains of 

sensitive/adult/pornography detection in the visual contents, 

it is followed by Section III which presents the design 

framework of the proposed nudity detection as well as the 

details of the architectural design of the CNN models 

employed in this study. Section IV details the experimental 

setup and procedures followed in our research to facilitate the 

reproducibility of the results. In Section V, results of the 

different experiments are presented and discussed; this is 

followed by Section VI which concludes the paper and states 

some possible future directions.  

II. II. RELATED WORK 

Conventionally, it was common to employ traditional feature 

descriptors such as LBP (local binary patterns) [12], SIFT 

(scale invariant feature transform) [13], or HOG (histogram 

of oriented gradients) [14] to obtain local or global image 

descriptors and later use them to differentiate among images 

with sensitive content or normal contents.  

For instance, the work in [11] attempted to detect images 

containing nude/pornography scene by proposing to use a 

new variation of SIFT called Hue-SIFT to extract global 

image features, along with a Bag of Feature (BoF) model to 

obtain a global representation the image. Later the authors 

showed the same recognition rate as reported by those 

skin-based approaches is possible without detection of skin or 

shapes in the nudity scenes. 

In another paper [15], authors approached the pornography 

detection 
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problem by proposing to use high-level semantic features. 

They optimized the BoF model in order to close the gap 

between low-level scene features and those of the high-level 

by fusing the contextual information in the visual words and 

spatial features of the pornographic images.  Later in [16], it 

was suggested to use the regions of interest (RoI) to address 

the issue of inaccurate pornography detection assuming that 

this task is similar to object detection and the human visual 

system uses visual attention model to tackle such tasks. Their 

proposed framework included four stage of (1) skin region 

detection, (2) visual saliency map construction, (3) detection 

of pornographic regions based on threshold segmentation, 

and (4) extraction of features such as color, texture, intensity, 

and skin. The research in [17] was the first attempt towards 

utilizing the mid-level image descriptors for solving the 

pornography detection task in videos. More particularly, the 

authors proposed to use a novel video frame descriptor which 

uses local binary patterns together with BossaNova, a 

powerful mid-level image representation as described in [18]. 

BossaNova again was used in [19] for the same task. The BoF 

model was used in [20] where authors presented to use a 

multi-instance modeling scheme based on spatial pyramid 

partitions (SPP) to transfer the target problem (pornography 

detection) into MIL problem.  

Temporal Robust Features (TRoF) were for the first time 

employed in the task of pornography detection videos by the 

work in [7]. It was proposed to aggregate the TRoF features 

into mid-level features by using FV (Fisher vector), a new 

variation of BoVW (bag of visual words) model.  

Since the emergence of Convolutional Neural Networks, 

starting with revolutionary work presented in [2], all previous 

performances of hand-crafted feature descriptors have been 

significantly enhanced, and these low-level descriptors are 

not in the focus of the researchers and practitioners anymore. 

The survey in [21], overviews the works in the domain of 

adult content recognition which mostly utilize hand-crafted 

features. The more interested reader may find the survey in 

[22] very informative where the authors comparatively 

reviewed the different local feature extraction algorithms in 

the domain of online pornography detection. 

Recently, after the emergence of Deep Learning 

techniques, all aspects of visual recognition (detection, 

localization, classification, etc.) are significantly enhanced in 

all domains such as biometric [23], bioinformatics [24], etc.  

The field of pornography content recognition has not been 

an exception and several attempts have been made to enhance 

the previous results by the aid of DL like those reported in [3], 

[4], [6], [10], [25]. 

In [6], a new CNN architecture was proposed to firstly 

quickly identify the coarse images with no or fewer skin/facial 

sensitive contents, and then a fine detection was performed to 

identify the target pornography contents in a selected subset 

of all video frames. Later in [25] a deep learning-based 

approach was proposed as a decision support tool to aid 

evaluation of sexual assaults. In [4], the authors proposed a 

Weighted Multiple Instance Learning (WMIL) scheme to be 

fused with a CNN model for the purpose of detecting regions 

containing pornography contents.  

Another research in [10], proposed to use a probability 

model based on uncertain inferencing along with an ensemble 

of CNN-based classifiers for the task of adult content 

recognition in still images. Finally, authors in [3] proposed to 

use a pre-trained CNN model called ResNet-50 [26] in order 

to detect the sensitive pornography contents in images. 

III. METHOD 

The overall system design of the proposed nudity detection is 

depicted in Fig.1.  

After construction of the new nudity dataset, dataset images 

are categorized into two groups of nudity and non-nudity. 

Later these classes of images are used as input to the series of 

residual learning blocks designed to obtain the abstract and 

high-level presentation of the images. The system uses these 

image representations as input into a binary classifier model 

for the training purpose. Finally, the testing images are 

classified based on the probability values outputted by the 

trained CNN model. 

Deep learning [1] models are comprised of multiple 

computational layers which enable the learning of abstract 

representation of input data in and end-to-end and iterative 

manner. Owing to the remarkable power of Convolutional 

Neural Networks (CNN) – a branch of DL techniques – 

state-of-the-art performances are recently obtained in all tasks 

of visual recognition such as classification, detection, 

recognition, or segmentation. CNNs [2] are designed to 

automatically identify and detect the patterns in the visual 

contents as well as speech (or any type of 2D, 3D, and 4D 

data), and have outperformed the human accuracy and speed 

in many recognition tasks. Some exemplary CNN models are 

VGG-Net [27], Google-Net [28], Inception [29], and ResNet 

[26].  

 

 

 

In this research, we propose to use a variation of ResNet 

comprising hundred and one layers of learning blocks which 

is recently achieved the best 

performance in other visual 

recognition tasks such as 

object recognition in [30]. The 

Figure 1 Presentation of the overall system design for the nudity and non-nudity detection. Sample images are first categorized into two sets of 

nudity and non-nudity and are used as input to the series of residual learning blocks for the purpose of abstract representation extraction. Later 

these image descriptors are used as input to a softmax classifier to train a binary nudity predictor model 
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design of the learning blocks is detailed in sub-section C. The 

key difference between our employed version of ResNet and 

the one used in [3] is the presence of additional sixty-seven 

layers which makes the model more resistance to the problem 

of vanishing gradients while facilitate extraction of more 

abstract features through large number of layers. 

A. Construction of the Nudity Dataset 

We used a third-party software to automatically search and 

download the samples of nudity and non-nudity from Google 

image website. To this purpose, two search terms were used 

as “Nude Body” and “People” to respectively collected 

instances of the full body nudity and non-nudity. In total, a 

collection of 4,380 samples were obtained. After filtering the 

dataset, out of all, 1470 instances represent the class of nudity 

and the remaining 2910 instances represent the class of 

non-nudity. 

Sample images of the nudity dataset are presented in Fig.2. 

 

 

B. Layers in Deep Learning 

A typical CNN model is comprised of different computational 

layers some with learnable parameters, and some solely 

mathematical operations with different purposes. In the 

following, these layers and their functions are explained. 

• Convolutional Layer: performs a set of randomly initialized 

2D convolutions in order to increase the depth of the input 

image or the previous layer. 

• Batch Normalization: speeds up the training process by 

normalizing channels of the input image or previous layer. 

• Rectified Linear Unit (ReLU): performs thresholding on all 

channels of the input image or previous layer to add 

non-linearity. 

• Max Pooling Layer: applies down-sizing on the input 

image or previous layer and generates an output of the 

decreased width and height but same depth. 

• Fully Connected Layer (FC): multiplies all the values of the 

input image or previous layer by its weights. 

• Softmax Layer: assigns the values in an FC layer to their 

corresponding probability values. 

C. The architecture of Residual Networks 

The ResNet model [26] employs the residual learning block 

(Fig.3) aiming for solving the issue of vanishing gradients and 

therefore decreases the error rate in the case of considerably 

deeper CNN models (a large number of computational 

layers). Residual Learning blocks were designed to enhance 

the prediction by reference to the input layers rather than 

unreferenced functions as depicted in Fig.3. In our 

experiment, we took advantage of the one-hundred-one-layer 

architectural design of the ResNet. 

The architectural design of the pre-trained ResNet 101 used in 

our study is detailed as follows: 

 Convolution [(1×1 (64) + 3×3 (64) + 1×1 (256)] ×3 

 Convolution [(1×1 (128) + 3×3 (128) + 1×1 (512)] ×4 

 Convolution [(1×1 (256) + 3×3 (256) + 1×1 (1024)] ×23 

 Convolution [(1×1 (512) + 3×3 (512) + 1×1 (2048)] ×3 

 Fully Connected Layer 

 Softmax Layer 

The models consists of 3 replications of a block of 3-layer 

convolutional operations, followed by 4 replication of 3-layer 

convolutional operations, followed by 23 replications of 

another 3-layer block of convolutions, and finally 3 

replications of the last 3-layer convolution operations. In total 

there are 99 layers ending with one fully connected and one 

softmax layer (101 layers). 

                        

 

D. Training Hyper Parameters 

For the training, the optimizer was set to SGDM (stochastic 

gradient descent momentum), the learning rate was set to 

0.001 for early convergence and avoiding the problem of 

vanishing gradients, the training set was shuffled one before 

starting the new epoch, the values for the momentum and 

weight decay were both set to 0.9. The loss function in the 

classification layer was set to Cross Entropy 

IV. EXPERIMENTS 

This section details the experimental procedure, the choice 

of the datasets, performance metrics as well as the system 

specifications. 

 

 

 

 

A. Training, Validation, and Testing Partitions 

To train the proposed CNN model, the dataset was 

randomly divided into three 

parts for training, validating, 

and testing the performance, 

each partition containing 60% 

Figure 2 Presentation of the sample nudity and non-nudity images. The 

top row presents the positive (nudity) instances while the bottom row 

presents negative instances (non-nudity). 

Figure 3 Design of the Residual Learning block used in the architecture 

of ResNet 101. 
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(2,628), 10% (438), and 30% (1,314) of the images in the 

collection. 

B. Performance Metric 

Three different evaluation metrics were used to assess the 

performance of the proposed binary classification models 

(nudity vs. non-nudity) as Accuracy, AUC, F-score 

formulated in (1), (2), (3), and (4).  

In addition, a ROC performance curve was also generated 

to provide more insight into the behavior of the classifier with 

respect to different prediction threshold values (ranging from 

0 to 1). AUC is the area under the ROC curve indicating the 

performance of a binary classifier. 

Accuracy = (TP+TN)/(TP+TN+FP+FN)              (1) 

F-score = 2×(Precision×Recall)/(Precision+Recall)    (2) 

Precision = TP/(TP+FP)                            (3) 

Recall = TP/(TP+FN)                              (4) 

 Where TP is the number of true positive samples 

(correctly classified as nudity), TN is the number of true 

negatives (correctly classified as non-nudity), FP is the 

number of false positives (incorrectly classified as nudity), 

and FN is the number of false negatives (incorrectly classified 

as non-nudity). 

C. Software and Hardware 

All the implementations were carried out using Matlab 

R2018b (academic version), Image Processing Toolbox, 

Computer Vision Toolbox, and Statistics and Deep Learning 

Toolbox. The experiments were conducted on a desktop 

computer with Windows 7 (64-bit), 16 GB RAM, Intel Core 

i7-4790 CPU @ 3.60 GHz, and an NVIDIA GPU with 4 GB 

internal memory (GTX 749).  

D. Method of Comparison 

The results of our research are compared with a very recent 

and similar work presented in [3]. The authors of this work 

employed an earlier version of the ResNet called ResNet 34 

comprising thirty-four blocks of residual learning. Therefore, 

we have replicated their model on our dataset for the purpose 

of comparison. 

V. RESULTS AND DISCUSSION 

This section presents the experimental results on the newly 

created nudity dataset; it is followed by a discussion on 

results. The ROC curve of the proposed model is presented by 

Fig.4. As it can be observed, the ResNet 101 achieved a much 

better prediction performance of 93.72 in term of AUC while 

its performance is, at all possible false positive rate, better 

than the other method. 

 

 
 

 

Table I. depicts the confusion matrices for the prediction 

results of both the proposed method as well as the one used for 

comparison [3].  
Table I Confusion matrix corresponding to the results of the 

proposed nudity prediction model (on the top), and the work in [3] (on 

the bottom). 

 

 

Total: 1,314 

Predicted 

Nude 
Not 

Nude 

A
ct

u
a

l Nude 250 191 

Not 

Nude 
19 854 

 

From the ROC curves, it is quite clear that the proposed 

ResNet with 101 layers succeeded to improve the AUC by 

5.58 units indicating the distinctive prediction power of this 

model over the previous one with 50 layers.  

     The confusion matrices also confirm the superior 

performance of the ResNet 101 in term of accuracy where it is 

in enhanced from 82.80% to 84.04 (by 1.24). However, with 

respect to the F-score, it can be seen that the previous ResNet 

34 [3] still claims the higher value at 73.90 while the proposed 

one achieved a value of 70.42. This difference in values can 

be explained by the fact that the previous method obtained 

better precision as opposed to the proposed one 

(precision=72.56), while the new model was achieved the best 

recall value (recall=92.93). 

     The detailed results of our work are presented in Table 

II. with respect to different metrics along with those of the 

work in [3]. Overall, out proposed model achieved three out 

of the five best performances with respect to Recall, 

Accuracy, and AUC respectively at 92.93%, 84.04%, and 

93.72%. More importantly, one can see a 5.58% 

improvements in term of AUC which considered a more 

appropriate indicator of performance in the task of binary 

classification. 
 

Table II Presentation of the results in this work with 

regard to different evaluation metrics and compared to 

[3]. 
 

Metric  Method in [3]  This Work 

Precision  72.56%  56.69% 

Recall  75.29%  92.93% 

F-score  73.90%  70.42% 

Accuracy  82.80%  84.04% 

AUC  88.14%  93.72% 

 

Total: 1,314 

Predicted 

Nude 
Not 

Nude 

A
ct

u
a

l Nude 320 121 

Not 

Nude 
105 768 

Figure 4 Performance curves (ROC) of the proposed nudity prediction 

model and the previous work presented in [3]. 
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VI. CONCLUSION AND FUTURE WORKS 

In this research, we proposed to use a recent successful 

architecture of convolutional neural networks called ResNet 

for the task of binary classification of nudity contents (nudity 

vs. non-nudity). We constructed a new dataset of nudity 

images comprising more than 4k instances of nudity and 

non-nudity conforming to the specific definition of nudity 

according to Ministry of Home Affairs, Malaysia which is 

referred to during visual content censorship of TV channels.  

After conducting experiments, an enhancement in the 

performance of the nudity classifier was obtained by the 

ResNet 101 CNN model and state-of-the-art results were 

achieved in terms of Recall, Accuracy and AUC. 

 In the future work, we intend to extend our dataset to 

include more aspects of nudity instances (partial nudity, 

complicated nudity, etc.) as well as other classes of sensitive 

contents such as different types of pornography acts. In 

addition, future attempts may benefit from CUDA-enabled 

implementation in order to enable deployment of the deep 

learning models on embedded platforms for high-speed 

utilization of nudity detection in high-resolution 

(SD/HD/FHD) video frames.   
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