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With the rapid development of Internet technology, live broadcast industry has also flourished. However, in the public network
live broadcast platform, live broadcast security issues have become increasingly prominent. )e detection of suspected por-
nographic videos in live broadcast platforms is still in the manual detection stage, that is, through the supervision of admin-
istrators and user reports. At present, there are many online live broadcast platforms in China. In mainstream live streaming
platforms, the number of live broadcasters at the same time can reach more than 100,000 people/times. Only through manual
detection, there are a series of problems such as low efficiency, poor pertinence, and slow progress. )is approach is obviously not
up to the task requirements of real-time network supervision. For the identification of whether live broadcasts on the Internet
contain pornographic content, a deep neural network model based on residual networks (ResNet-50) is proposed to detect
pictures and videos in live broadcast platforms.)e core idea of detection is to classify each image in the video into two categories:
(1) pass and (2) violation.)e experiments verify that the network proposed can heighten the efficiency of pornographic detection
in webcasts. )e detection method proposed in this article can improve the accuracy of detection on the one hand and can
standardize the detection indicators in the detection process on the other. )ese detection indicators have a certain promotion
effect on the classification of pornographic videos.

1. Introduction

At present, Internet technology and Internet of )ings
technology have achieved rapid development, and various
products and consumption models based on these tech-
nologies have been deeply applied in various industries
[1–12]. People’s online entertainment has undergone tre-
mendous changes. From simple video watching and single
text reviews to video and commentary barrage videos, it has
finally developed into today’s barrage live broadcast. )e
interactive form is constantly approaching offline interac-
tion, and the whole country has entered the “live +” era.
According to network statistics, in 2015, China had nearly
200 online live broadcast platforms. )e number of live
broadcasts has reached 200 million, and the number of users
in the online live broadcast industry has reached 300million.

Large-scale live broadcast platforms have nearly 4 million
simultaneous online users during peak hours every day, and
the number of live broadcasts at the same time exceeds 3000.
In 2016, the number of online live broadcast platforms in
China increased to 300 and the number of users in the online
live broadcast industry reached 300 million. By 2017, the
number of live broadcast industry users has reached 500
million. With the vigorous development of live broadcast
industry, the illegality of live broadcast content has become
increasingly serious. In terms of live webcast video detection,
it is still in the manual detection stage, mainly through the
supervision of administrators and user reports. )e main
problems with manual supervision are (1) increased labor
costs; (2) prone to missed inspections due to limited human
energy; and (3) the huge number of live broadcast platforms
and live video, resulting in a huge workload of manual
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supervision. Relying solely on manual supervision cannot
achieve the goal. In addition, there are a large number of
online live broadcast platforms; the content is complex, and
the workload of pure human supervision is too large to meet
the regulatory requirements of live broadcast platforms. At
present, there is an urgent need for pornographic detection
methods for online live broadcast.

At present, various methods are used for pornographic
image detection, and there are two classification methods in
total. One is to divide the detection methods into the fol-
lowing three categories. )e first is a rule-based approach
[13]. )is method first establishes a skin model that can filter
nonskin areas and then obtains the skin area from the image
to be identified. If it is larger than the threshold, it is
considered to be an erotic picture. Although this method is
intuitive and easy to implement, the skin area threshold is
difficult to set accurately. Many nonerotic images also
contain a large amount of skin area, so the accuracy of
identifying pornographic images is low. )e second method
is based on image retrieval [14]. )is method first establishes
a database with pornographic images, then selects the ap-
propriate image features, and then compares the image
features to be identified with the image features in the
database. If the similarity exceeds a certain threshold, it is
determined as a pornographic image. Due to the diversity of
pornographic images, in order to improve the accuracy, a
huge database needs to be established. )is will lead to
excessive memory usage and long recognition time. )e
third is a learning-based approach [15, 16]. )is method
needs to design the visual features of pornographic images,
and based on these visual features, use the method of ma-
chine learning [17–27] to obtain the learned model. In the
end, the learned model is used for pornographic image
recognition. It can be found through comparison that, al-
though the learning-based method has higher accuracy and
detection speed among the three methods, the image fea-
tures obtained are generally artificially generalized. How-
ever, the generalization performance of artificially selected
visual features is low and it is difficult to meet the actual
requirements.

)e second general classification divides pornographic
recognition methods into the following three categories:
pornographic recognition based on skin color, pornographic
recognition based on manually extracted features, and
pornographic recognition based on deep learning. )e re-
search based on skin color mainly focuses on the classifi-
cation of pornographic pictures with a large number of skin
pixels. Fprsyth and Fleck [28] identify skin tone region of
image based on color and texture features to analyze the
structure of the human body and the correlation between
various parts of the human body, thereby implementing a
naked recognition system. Yang and Ahuja [29] proposed
using a Gaussian mixture model to learn the distribution of
skin pixels of the training image under the CIELuv color
space.)e learned model is applied to skin pixel detection in
the test image. Jones and Rehg [30] introduced the concept
of histogram, extracting the skin color regions of erotic
pictures and normal pictures and counting the color dis-
tribution histograms of their corresponding RGB color

spaces. According to the histogram, the distribution of
human skin color in the RGB color space is obtained.
According to this method, features such as skin color area,
maximum skin color connected area, and average skin color
probability are calculated. )e neural network classifies the
features to achieve pornographic detection of the image.
Srisaan [31] and Basilio et al. [32] extract skin color regions
in the YCbCr color space and HSV color space, respectively.
In both studies, skin color detection is achieved by counting
the distribution of skin color pixels. To sum up, the detection
of pornographic images based on skin color detection relies
on the judgment criteria of skin color pixels. Skin color is
easily affected by light, and it is difficult to use a simple skin
color detection for high-accuracy pornographic images with
complex textures. Nonerotic images containing a large
number of skin-colored pixels are prone to misjudgment
during the detection process. )erefore, it is not reliable to
use skin color as the criterion for identifying pornographic
images. Pure skin color detection has certain limitations in
pornographic image recognition. To enhance recognition
rate, more features in image need to be extracted for
multidimensional analysis. )erefore, pornographic recog-
nition based on manual feature extraction has appeared.)e
framework mainly includes two links: feature extraction and
classifier, as shown in Figure 1.

Pornographic recognition based on manually extracted
features mainly uses different feature extraction algorithms
to extract prominent features such as color, texture, and
shape and uses different classifiers for the extracted features
to realize pornographic image recognition. Karavarsamis
et al. [33] obtained the skin color convex hull region of the
image by ROI localization, calculated 15 features such as the
expectation and variance of the convex hull region and the
ratio of nonskinned pixels in the convex hull region in the
RGB color space. Finally, the random tree forest was used for
classification. Wang et al. [34] proposed a model for
identifying nude images based on navel and torso features.
Deselaers et al. [35] proposed to extract image information
based on visual bag of words (BoW) model, feature vectors
in image blocks were used as bag of words, and SVM was
used to classify visual word histograms.

Pornographic image recognition based on deep learning
mainly classifies pornographic images or videos through
convolutional neural network (CNN) and LSTM network
models. Moustaf [36] uses the NPDI [37] dataset for fine
tuning on the AlexNet [38] and GoogleNet [39] models. )e
two models are mixed according to different thresholds, and
finally the classification is achieved. )e model is shown in
Figure 2. Wehrmann et al. [40] proposed the Adult Content
Recognition with deep neural network model, which is used
to extract the features of key frames in the NPDI dataset.
Long- and short-term memory networks are used to classify
the extracted features. Perez et al. [41] divided video in-
formation into static information and dynamic information.
Video frames are fed into a CNN model to extract static
information, and optical flow and MPEGmotion vectors are
used to describe video motion information. )e motion
information is sent to a CNN to extract video motion
features. Finally, support vector machines [42] are used to
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classify the extracted features. Pornographic image detection
based on deep learning has higher accuracy than skin color
and feature-based detection methods.

ResNet-50 learning model based on residual networks is
introduced in this study and uses this learning model to
detect and classify pictures and videos. )e advantages of
the model are as follows: (1) it has higher recognition
accuracy and efficiency, and the accuracy reaches more
than 95%; (2) due to the addition of a residual module in
this model, there is relatively little information loss in the
process of information transfer between layers, which can
avoid the problem that it is difficult for deep networks to
accept the information of the previous layers; (3) the model
is no longer limited by the dimensions of the image; and (4)
by improving the ordinary CNN, the generalization ability
of the model after adding the residual network is improved.
In this paper, the proposed network model is applied to
pornographic content detection on live broadcast plat-
forms, and experiments verify the effectiveness of the
proposed scheme. )e specific contributions of this article
are as follows:

(1) )e detection algorithm based on deep residual
network can process high-dimensional pictures, and
the accuracy and efficiency of recognition are better
than other similar algorithms.

(2) Generally, as the number of layers of the learning
network increases, the learning efficiency will be-
come lower and lower. )e advantage of the residual
network is that it is very simple to perform identity
transformation in the network structure, reducing
the defined network structure by the increase of the
number of network layers so that the information in
the network structure can reduce the transmission
loss as much as possible.

(3) By improving the network model, the recognition
accuracy and efficiency of the two types of pictures
are further improved.

2. Related Work

2.1. Picture Detection. Pictures are one of the main infor-
mation carriers that people come into contact with daily, and
it is necessary to detect pornographic pictures on the In-
ternet. )ere are many types of erotic pictures, and the most
common of which are pictures of naked bodies. )erefore,
some scholars have proposed that the area of exposed skin
and the area of all bodies in the picture can be calculated to
find the proportion of the area of exposed skin. Given a
certain threshold range to determine whether a picture
violates the rules, this is a very simple method of judgment,
but the disadvantages are also obvious. )e detection of
pictures is not targeted and the accuracy is difficult to
guarantee.

Given a certain number of samples, mark whether these
samples are illegal pictures. Before classification, the image
must be preprocessed, and the features of the image are
extracted and compared using a convolution layer to de-
termine whether the image is illegal. Such an algorithm is
more accurate than threshold classification. )e specific
process is shown in Figures 3 and 4.

2.2. Video Detection. Video is another representation of
multimedia and one of the information carriers often seen in
people’s lives, but the detection of video is relatively tedious.
)e basic unit of a video is a frame, that is, a picture, which
means that a video is composed of many pictures. )e video
detection process can be broken down into the following
steps: first divide the video into frame-by-frame pictures,
then preprocess each frame of pictures, and finally classify
each frame of pictures. If an offending picture is detected, the
administrator can be notified and the offending video can be
processed in a timely manner. )e flow chart of video de-
tection is shown in Figure 5.

Input image

Image
preprocessing

ANet
classifier

Fusion module Threshold

Erotic
images

Normal
images

GNet
classifier

Figure 2: AGNet erotic image classification model.

Input image

Feature
extraction

Classifier

Output result

Figure 1: Flowchart of pornographic recognition based on
manually extracted features.
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3. Way of Solving the Problem

3.1. Network Structure. For the detection of illegal videos, the
use of deep learning networks is feasible. However, as the depth
of the network gradually increases, the efficiency of feature
extraction will become lower and lower and the efficiency of
learning will gradually decrease. In summary, a deep-learning
network alone cannot complete the task well. To address these
challenges, this article proposes a new solution; using ResNet-
50 [43] based on residual networks, both deep-layer networks
can be used to ensure the characteristics of the extracted
pictures and as far as possible in the deep-layer network
structure so that the defined network structure is not affected
by the increase in the number of network layers, thereby
improving learning efficiency and accuracy.

3.2. Image Preprocessing and Feature Extraction. Feature
extraction the core factor for effective classification. Before
feature extraction, a high-quality picture needs to be se-
lected. Pick some pictures with sharp textures and sharp
edges. Cut the picture to a suitable size and denoise the
picture through a filter. In order to make the effect of feature
extraction better, this article performs image enhancement
on all pictures. Common methods are contrast raising,
histogram equalization, etc. )e pictures are divided into
two types; the first type is the training set and the second type
is the test set. ResNet-50 is used for feature extraction on the
training set in deep-learning network. )is process is to tell
the detection system whether some marked pictures are
illegal pictures or qualified pictures, thereby facilitating the
detection of the test set and the accuracy of the detection. It
directly affects the quality of the detection system.)e image
processing flow is shown in Figure 6.

3.3. Image Dimensionality Reduction. High-dimensional
data is a challenge for detection. Assuming that the di-
mensions of the image are 512∗ 512, the corresponding
one-dimensional vector calculation is 262144 dimensions.

Such dimensions make it difficult to extract features. Di-
mension reduction is an essential link. )e reduction of
dimensions is mainly done by the pooling layer (sampling
layer). )ere are many commonly used feature extraction
methods, and the classical ones are the CNN [44], the
principal component analysis (PCA) method [45] and
kernel principal component analysis [46] (KPCA) and so
on. )e pooling layer can be directly used to reduce the
dimension, and no additional image-processing steps are
required. )e pooling layer (sampling layer) mainly de-
pends on the size of the convolution kernel and the stride of
the convolution kernel to reduce the dimensionality. )e
reduced dimensional image is easier to process.

Input image

Feature
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Classifier
(divided
into two

categories)

Classification
results

Figure 4: Picture classification flowchart.

Input video

Video
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Frame
image

preprocessing

Output
image

Figure 5: Video preprocessing flowchart.
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Image
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Output image

Figure 3: Image preprocessing flowchart.
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3.4. Residual Network. For a common network structure,
when the number of layers is appropriately increased within
a certain range, the detection performance can be improved.
However, it is not allowed to arbitrarily increase the number
of layers of CNN. Continuously increasing the number of
layers of the neural network will inevitably cause the ac-
curacy on the training set to saturate or even decrease. When
the number of neural network layers continues to increase, it
will cause problems such as disappearance or degradation of
gradients, gradient explosions, and network training costs,
so the detection performance cannot be improved as the
number of network layers increases. Based on this back-
ground, this paper introduces residual networks. It reduces
the number of calculations and computational difficulty. For
the residual network, the identity transformation of deep
network is used to make the deep network degenerate into a
relatively shallow network. )e residual network mainly can
perfectly solve the side effect caused by the deep network,
namely, the degradation problem; then, we can improve the
network performance by increasing the network depth.

3.5. Picture Classification. Classify the frames in the video,
and the classification results are qualified and illegal. In the
residual network structure, a fully connected layer is used to
complete the classification. Fully connected layer processes
and stores the data and uses it as input to the layer. )en,
output a multidimensional vector, which is the number of
classifications. Since this experiment is a binary classification
problem, the multidimensional vector in the experiment is a
two-dimensional vector. In the experiment, softmax [47]
was used for discrimination. Since the result of the softmax
output is a probability, the probability is used to represent
the detection result in a two-dimensional vector. Figure 7
shows specific identification process.

4. Introduction to Detection Algorithms

In order to verify the performance of the proposed detection
method, this paper proposes five comparison models, which
are (1) pornographic image recognition algorithms based on
skin color features; (2) direction gradient histogram
(HOG) + support vector machine (SVM); (3) CNN; (4)
CNN+ residual network algorithm; and (5) detection al-
gorithm based on VGG-16 network. )is paper proposes a
network structure based on ResNet-50 and introduces five
comparison algorithms first.

4.1. Contrast Algorithm 1: Pornographic Image Detection
Algorithm Based on Skin Color Features. According to the
author’s research on pornographic images, erotic images are
pictures with more naked body parts. Based on the survey,
the author first set a certain threshold and then calculated
the proportion of naked leakage in each picture. If the
proportion of naked leakage is greater than the set threshold,
the picture is considered to be a violation. )is method will
have certain results when identifying the offending pictures.
However, this method has some drawbacks. If the clothes
worn by the person in the picture are close to the skin, the
recognition result will have a greater impact, and it is likely
that the picture is illegal.

4.2. Contrast Algorithm 2: Image Detection Algorithm Based
on Directional Gradient Histogram (HOG) and Support
Vector Machine (SVM). HOG [48] is the histogram of di-
rection gradient. )is method is currently a method in the
field of computer vision and pattern recognition. )is
method can be used to describe the local texture charac-
teristics of the image. )e specific description steps are as
follows:

Input image

Feature extraction

Classifier

Determine

Qualified Disqualified

Figure 7: Identification flowchart.

Original image

Cropping

Denoising

Enhancing

Image
filtering

Filter out high
quality images

Output the final
image

Figure 6: Image processing flowchart.
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Step 1: segment the image.
According to the strategy of segmenting images, there are
two kinds of segmentation strategies; the first is nonoverlap
and the second is overlap, whichmeans that features can be
extracted as many times as possible after image segmen-
tation. )is experiment uses the overlap strategy.
Step 2: calculate the direction gradient histogram of the
segmented block.
)e specific calculation formula is as follows:

M(x, y) �
������
I2x + I2y


,

θ(x, y) � tan− 1Iy

Ix

∈ 0, 360∘ ),

or ∈ 0, 180∘ ).

(1)

Among them, Ix and Iy represent the gradient values in
the horizontal and vertical directions, M (x, y) repre-
sents the magnitude of the gradient, and θ (x, y)
represents the direction of the gradient.
Step 3: composition characteristics.
According to the block segmentation of the image, the
results of the block segmentation are connected end-to-
end to form the characteristics that describe the image;
then, these characteristics are the basis for our judg-
ment of image classification, which is the role of the
image example mentioned earlier.
SVM is support vector machine. Take binary classifi-
cation as an example. )e data participating in binary
classification are called positive samples and negative
samples, respectively. If positive and negative samples
are given in the experiment, the role of the support
vector machine is to find a “hyperplane.” Classify the
positive and negative samples as well as possible so that
the positive and negative samples are distributed as
uniformly as possible on the hyperplane.

4.3. Contrast Algorithm 3: Image Detection Algorithm Based
on Convolutional Neural Network. CNN is an excellent
network structure among many neural networks. For CNN,
the experiments in this paper mainly use convolutional
layers, pooling layers (sampling layers), and fully connected
layers. )e CNN is specifically introduced below.

For the convolutional layer, the features of the original
image are extracted by setting the size of the convolution
kernel and the step size during the convolution. After the
convolution, the dimension of the image will be slightly
reduced according to the size of the convolution kernel.

)e primary role of the pooling layer or sampling layer is
to reduce the dimensions and reduce the image; secondly,
simplify the complexity of the network, reduce the amount
of calculation, and reduce memory consumption; at the
same time, expand the receptive field to achieve translation
invariance, rotation invariance, and scale invariance; im-
plement nonlinearity and more.

)e fully connected layer maps the learned “distributed
feature representations” into the sample space and acts as a
“classifier” in the entire CNN to find out whether the picture
is specifically qualified or unqualified.

4.4. Contrast Algorithm 4: Image Detection Algorithm Based
on Convolutional Neural Network and Residual Network.
)rough the improvement of the CNN, the residual network
part is added to form a new algorithm. )e network
structure is introduced below. Since the CNN was intro-
duced above, only the residual part is introduced in this
section.

When we use a standard optimization algorithm to train
a common network, such as using gradient descent (or other
popular optimization algorithms), without using residuals,
or without these shortcuts or jump connections, you will
find that when the network depth deepens, mistakes first
decrease and then increase. However, in theory, as the
network depth deepens, the better the training effect is.
However, in fact, if there is no residual network, for a normal
network, the deeper the depth, the harder it is to train with
an optimization algorithm. Moreover, as the depth of the
network deepens, training errors will increase.

However, the situation is different by using ResNets.
Even if the network is deeper, the training performance
remains stable, and the training error is reduced, even if the
network is deep to 100 layers. Some people have even
performed experiments in 1000-layer neural networks,
which allow us to guarantee good performance while
training deeper networks. As the network gets deeper, the
scale of the network connection will become huge, but
ResNet is indeed very effective in training deep networks.

4.5. Contrast Algorithm 5: Image Detection Algorithm Based
on VGG-16. )is model has a total of 16 layers of network
structure, so it is called VGG-16 [49]. It was proposed by
Oxford University in 2014, and its network is simple and
practical. Taking a 224× 224× 3 picture as an example, the
specific calculation process is as follows:

Step 1: input a 224× 224× 3 picture, and after two
convolutions with 64 convolution kernels, use one
pooling. After the first convolution, c1 has (3× 3× 3)
trainable parameters.
Step 2: after two convolution kernel convolutions of
128, one pooling is used.
Step 3: after three convolutions of 256 convolution
kernels, use pooling.
Step 4: repeat the three 512 convolution kernels twice
and perform pooling again.
Step 5: the last entry is three full connections.

4.6. Algorithm in >is Paper: Image Detection Algorithm
BasedonResNet-50. )eResNet algorithm proposed in 2015
is relatively simple and very practical. Based on this, ResNet-
50 or ResNet-101 is derived, and many methods are con-
structed based on this. Detection, segmentation, recognition,
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and other application scenarios are beginning to use ResNet.
All this shows that ResNet is really easy to use and has great
potential for development. )eoretically, with the deepening
of the network layers, the accuracy of image classification
should gradually increase, but in practice, with the deepening
of the network, the accuracy of the training set decreases.
However, it is definitely not the case of the network due to
overfitting because overfitting will cause the training set to
have a high-accuracy rate. Traditional convolutional networks
or fully connected networks will havemore or less problems of
information loss and loss when transmitting information and
also cause “gradient disappearance” or “gradient explosion,”
resulting in deep network training. ResNet solves the
abovementioned problems to a certain extent. By using the
idea of bypassing the information at the input to the output,
the integrity of the information can be protected. )e entire
network only learns the difference between input and output,
thereby streamlining learning goals and reducing complexity.

In view of the abovementioned situation, the residual
network will have a relatively better result. )e residual unit
establishes a direct correlation channel at the data input and
data output ends. )is makes a powerful network structure
focus on learning the residuals between input and output.
For example, generally we use F (X, Wi) to represent the
residual mapping, then the output is Y� F (X,Wi) +X. When
the number of input and output channels is the same, we can
naturally use X to add directly. When the number of
channels between them is different, we need to consider
establishing an effective mapping function so that the
number of processed input X and output Y channels is the
same, that is, Y� F (X, Wi) +Ws ×X.

According to the abovementioned introduction of
ResNet, it can solve the problem of the deepening of the
recognition accuracy of the network. One of the reasons is
that the residual network can directly transfer shallow data
information to relatively deep levels through associated
channels, unlike traditional networks. Shallow layers of
information need to be transmitted backward layer by layer.
When the information is transmitted to the deeper layer, the
information in the ordinary network is bound to cause
losses. )is explains why the recognition accuracy of or-
dinary networks decreases as the network deepens.

ResNet-50 is a 50-layer network structure based on
residual networks, including 50-layer network structures
such as convolutional layers, pooling layers, and residual
networks. It is a relatively mature network model. In this
paper, the network model is used to detect illegal videos.
According to the experimental results, ResNet-50 will have a
relatively good effect.

5. Experiment and Analysis

5.1. Dataset. )e dataset is used as the basis for data
identification. A data-rich dataset has a decisive effect on the
recognition result. )e dataset in this article contains a
training dataset and testing one. In the training dataset, two
types of pictures are classified and labeled and used as
training. )en, we use the test dataset to check the trained
network. Since there is no official library for this kind of
dataset, all the datasets are used to find images by them-
selves, filter the images, and perform a series of pre-
processing processes on the images to make ordinary images
a usable dataset.

)e dataset contains a training set: 280 images, of
which 140 are qualified pictures and 140 are unqualified
pictures. )e test set contains 267 images, of which 136
are qualified images and 131 are unqualified images. For
data of the training set, image enhancement is required.
All the images of the training set are enhanced trying to
avoid the phenomenon of network “overfitting.” By
transforming the training image to obtain a network
structure with stronger generalization ability, it is also a
means to enhance the network when the number of
datasets is not large. )ere are several methods for data
enhancement:

(1) Image enhancement using standardization
(2) Use geometric transformation (translation, flip, and

rotation) to enhance the data of the image
(3) Use random adjustment of brightness to enhance the

image
(4) Use random adjustment contrast to enhance the

image

Table 1: Key parameters of the experiment.

Experimental
parameters

Number of initial convolution
kernels

Training
times

Learning
efficiency Image size Classification

number Classification

Value 64 10,000 1e− 4 208× 208 2 Softmax

Table 2: Detection results of 6 algorithms.

Experiment name Accuracy p1 (%) Recall rate p2 (%) Accuracy p3 (%) Misclassification p4 (%) F1 score (%)
CNN 85.39 88.24 86.26 14.61 86.79
CNN+ResNet 92.51 91.91 92.37 7.87 92.21
HOG+SVM 81.65 80.15 83.21 18.35 80.89
Skin color features 72.50 74.56 70.15 27.50 73.52
VGG-16 — — — — —
ResNet-50 97.08 97.79 96.18 2.92 97.43

Scientific Programming 7



5.2. Evaluation Criteria of Experimental Results. For the test
results, the following evaluation criteria have been
formulated.

Criterion 1. Accuracy P (1)� number of correctly identified
pictures/number of participating pictures× 100%.

However, the recognition accuracy P (1) cannot be
simply used as the evaluation criterion. First of all, a single
evaluation standard will bias the evaluation results, and if for
a wrong classifier, the detection results of all pictures are
qualified, then when the test set of qualified pictures is
detected, it will show excellent performance. )en, we
cannot consider such a classifier to be a good classifier, and
such a classifier is often not a qualified classifier. As a result,
the classification accuracy rate of qualified pictures and
violation pictures and the misclassification rate of the overall
classification of the classifier appear, respectively. )e spe-
cific definitions are as follows.

Criterion 2. Recall rate P (2)� number of correctly identified
qualified pictures/number of participating qualified
pictures× 100%.

Criterion 3. Recognition accuracy P (3)� number of cor-
rectly identified offending pictures/number of participating
in identifying offending pictures× 100%.

Criterion 4. Misclassification rate P (4)� number of mis-
predicted pictures/total number× 100%.

Criterion 5. F 1 is the harmonic mean of precision and recall,
and the specific formula is as follows:

F1 � 2 ×
precision × recall
precision + recall

, (2)

where precision is the accuracy rate, that is, the proportion
of the number of correctly identified violation pictures in the
identification of violation pictures. Recall is the recall rate,
that is, the proportion of correctly identifying qualified
pictures among the proportion of participating in identi-
fying qualified pictures.

5.3. Experimental Parameters. )e key parameters used in the
experiment are shown in Table 1. )e number of initial con-
volution kernels determines the number of features extracted by
the convolution layer, so as many features as possible can be
extracted to facilitate the subsequent detection and classification
steps, so this study uses 64 initial convolution kernels. Learning
efficiency is the speed of network learning. Due to the number
of trainings, the learning efficiency can be set smaller. If you set a
large learning efficiency, as the number of learning times in-
creases, it will be difficult to reduce the loss function, and it will
always oscillate in an interval.

(a) (b) (c) (d)

(e) (f ) (g) (h)

Figure 8: Example 1 of violation results detected.
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(a) (b) (c) (d)

(e) (f ) (g) (h)

Figure 9: Example 2 of violation results detected.

(a) (b) (c) (d)

Figure 10: Continued.
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5.4. Experimental Environment. )e compiler used in this
experiment is Matlab and Pycharm; operating system is
Windows 10, 64 bit system, Linux 16.5; version of language
is Matlab2018a, python3.7, and running environment is
Intel Core i7 CPU, 32GB RAM.

5.5. Experimental Results and Analysis. According to the
evaluation criteria of the abovementioned experiments, the
three models are now tested separately, and the test results of
6 models are shown in Table 2.

It can be seen from the multiple indicators in Table 2 that
ResNet-50 has better recognition effect than other algo-
rithms. In this paper, three illegal videos are selected and
continuous frames are detected for the three videos. )e
specific video detection results are as follows.

)e detection result of violation video 1 is shown in
Figure 8.

)e detection result of violation video 2 is shown in
Figure 9.

)e detection result of violation video 3 is shown in
Figure 10.

6. Conclusions and Improvements

6.1. Conclusions. With the rapid development of online live
broadcast, live broadcast has become an indispensable part
of people’s entertainment and enriches people’s lives. In
practical application scenarios, this research can be used to
detect illegal video on live broadcast platforms and assist
network police in intelligent detection of pornographic
videos. Violation video detection can be added as a module
to the network public security big data platform to capture
real-time video from the network in real time and detect
whether the video is illegal. If a video violation is detected, an
alert will be issued immediately to assist the public security
in maintaining the network environment. However, the
quality and quality of live broadcast does not have a good
detection platform. It currently stays at the stage of manual
detection. Rely on manual testing. )en, the content and
quality of the live broadcast will be uneven, especially the
pornographic live broadcast, which will affect the user’s

visual experience and will endanger the health of children.
)erefore, this paper proposes a new detection strategy based
on the residual network (ResNet-50), which detects the live
broadcast content of the anchor and improves the efficiency of
detecting pornographic live broadcasts. As can be seen from
the results, the accuracy of the detection of illegal and
qualified pictures has reached more than 95%. )e detection
strategy proposed in this paper is better than traditional
methods, especially for deep networks. )e addition of re-
sidual network modules will increase the network’s gener-
alization level and reduce the complex calculation process of
deep networks. ResNet-50 is a relatively mature network
structure. According to the experimental results, it can be seen
that the network model performs relatively well for various
indicators of video detection.

6.2. Outlook and Improvement. Judging from the detection
results and experimental accuracy, the algorithm in this
article, based on the ResNet-50 network, shows good per-
formance for video detection, but this algorithm also has
some problems. Because many datasets are not public and
the datasets are not complete, the accuracy of detection
needs to be further improved. )is article focuses on some
detections of the video screen during live broadcast, and the
target area is relatively small. It may also be possible to detect
and recognize voice and text simultaneously in the future.
For these problems, we can make related improvements in
the future to improve the detection system. In traditional
convolutional neural networks, convolution kernel size must
be set in each convolution. In other words, if the size of the
convolution kernel is variable, it may be useful to detect,
rather than when it is fixed.

Data Availability
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(e) (f ) (g) (h)

Figure 10: Example 3 of violation results detected.
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