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Computer vision, which deals with how computers can be
used to gain high-level understanding pertaining to informa-
tion contained in digital images or videos, is an important,
yet challenging, technology. �e advent of deep learning
and associated paradigms such as evolutionary computing
models has propelled computer vision to the next level,
solving a variety of complex problems in diverse applications,
such as object detection, motion tracking, semantic segmen-
tation, and emotion recognition. In this special issue, recent
advances with respect tomathematical modeling, simulation,
and/or analysis of deep learning and evolutionary computing
models for undertaking complex phenomena in computer
vision, are presented. A variety of problems, which include
automatic object tracking, understanding image content,
optical character recognition, personalized recommendation
and movie summarization systems, and underwater video
streaming, are covered. A description of each article is
presented, as follows.

�e paper titled “Multimodal Deep Feature Fusion
(MMDFF) for RGB-D Tracking” addresses the limitation of
existing tracking methods in processing geometrical features
extracted from depth images by using a multimodal deep
feature fusion model. �e proposed model consists of four
deep convolutional neural networks (CNNs). It extracts RGB
(red, green, blue) and depth features from images using RGB-
specific and depth-specific CNN models and exploits their
correlated relationship using an RGB-depth correlated CNN
model. In addition, a motion-specific CNN is used to provide
high-level motion information for object tracking. Empir-
ical evaluation with two RGB-depth datasets demonstrates
that the proposed method achieves better performances,

especially in situations where occlusion occurs, the move-
ment is fast, and the target size is small, as compared with
those from other state-of-the-art trackers.

Semantic image segmentation is useful for understanding
the semantic information contained in an image. To improve
the time-consuming pixel-level annotation process, a weakly
supervised semantic segmentation method using the CNN
and extreme learning machine is proposed in the paper titled
“Weakly Supervised Deep Semantic Segmentation Using
CNN and ELMwith Semantic Candidate Regions”. Semantic
inference of candidate regions is realized based on the
relationship and neighborhood rough set associated with
semantic labels. A	er completing the inference step of all
semantic labels, the extreme learningmachine is used to learn
the inferred candidate regions. �e experimental results of
two benchmark datasets show the proposed method is able
to outperform several state-of-the-art alternatives for deep
semantic segmentation.

To undertake imbalanced datasets, a deep learning model
for unbalanced distribution character recognition based on
a focal connectionist temporal classification (CTC) loss
function is proposed in the paper titled “Focal CTC Loss
for Chinese Optical Character Recognition on Unbalanced
Datasets”. �e proposed model consists of three main com-
ponents: convolutional, recurrent, and transcription layers.
�e residual network is used as the convolutional layers,
which extract a feature sequence from the input image.
�e bidirectional long short-term memory is used as the
recurrent layers, which predicts a label distribution for each
frame. �e focal CTC function is used in the transcription
layer, which translates the per-framepredictions into the final

Hindawi
Complexity
Volume 2019, Article ID 1671340, 2 pages
https://doi.org/10.1155/2019/1671340

http://orcid.org/0000-0001-6674-692X
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/1671340


2 Complexity

label sequence. A series of experimental studies using both
synthetic and real image sequence datasets indicates that the
proposed model is able to achieve better performance as
compared with those from traditional CTC on imbalanced
datasets.

�e paper titled “A New Type of Eye Movement Model
Based onRecurrentNeural Networks for Simulating theGaze
Behavior of HumanReading” tackles gaze behavior of human
reading as a word-based sequence labeling task in natural
language processing.�e eyemovement data are used to train
a model that can predict the eye movements of the same
reader reading a previously unseen text. Based on a combina-
tion of CNN models, bidirectional long short-term memory
networks, and conditional random fields, a recurrent neural
network is used to generate a gaze point prediction sequence.
�e empirical results indicate that the recurrent neural
network-based model is able to achieve similar accuracy
in predicting a user’s fixation points during reading, with
the advantages of less reliance on data features and less
preprocessing than some existing machine learning models.

In e-commerce services, it is important for a personalized
recommendation system to learn the latent user and item
representations from implicit interactions between users and
items. A neural personalized ranking model for collaborative
filtering with implicit frequency feedback is introduced in
the paper titled “Neural Personalized Ranking via Poisson
Factor Model for Item Recommendation”. A ranking-based
Poisson factor model is developed, which adopts a pair-wise
learning method to learn the rankings of preferences between
items. A multilayer perceptron is used to learn the nonlinear
user-item interaction relationships. �e personalized ranking
model is able to capture the complex structure of user-item
interactions. �e empirical results indicate the superiority of
the proposed method over state-of-the-art recommendation
algorithms.

To allow viewers to have an idea about the semantics
of a movie in a short time, a movie summarization system
produces a short video sequence that contains the most
important scenes from the movie. In the paper titled “Per-
sonalized Movie Summarization using Deep CNN-Assisted
Facial Expression Recognition”, a user preference-based
movie summarization technique is developed using a deep
CNN model to analyze the emotional state of the charac-
ters through facial expression recognition. Segmentation of
movie shotswith faces using an entropymethod is conducted.
�en, a summary with respect to user preference from seven
basic emotion classes is produced. A subjective evaluation
using five Hollywood movies shows the effectiveness of the
proposed scheme in terms of user satisfaction, while an
objective evaluation indicates its superiority over state-of-
the-art movie summarization methods.

Traffic loads and congestion management are important
issues in wireless sensor networks. A proactive caching
strategy based on a stacked sparse autoencoder to predict
data package content popularity is devised in the paper
titled “Deep Learning Based Proactive Caching for Effec-
tive WSN-Enabled Vision Applications”. A simple frame
structure of so	ware defined network and network function
virtualization technologies, coupled with the autoencoder in

the sink and control nodes of the wireless sensor network, is
constructed. �e structure and model parameters associated
with the stacked sparse autoencoder are optimized through
training. A series of simulation studies to compare the
proposedmethod with traditional classical caching strategies
indicate that the stacked sparse autoencoder is able to
improve the prediction accuracy for enhancing performance
of wireless sensor networks.

Most of the classical monocular visual simultaneous
localization and mapping (SLAM) methods do not consider
the motion characteristics of the platform during the ini-
tialization phase. As such, a motion hypothesis to transform
the solution of camera motion into an error elimination
problem during the initialization process is introduced in the
paper titled “Passive Initialization Method Based on Motion
Characteristics for Monocular SLAM”. �e error is reduced
by using amultiframe optimization method based on Bundle
Adjustment, thus improving the accuracy of the initialization
process. A hardware-in-the-loop simulation system on a
fixed-wing aircra	 is established as the test platform. �e
results indicate that the success rate of monocular SLAM
initialization can be greatly improved, as compared with that
of existing methods. However, this method cannot be used
indiscriminately on platforms characterized by randomized
motions.

In the paper titled “Design and Implementation of
an Assistive Real-time Red Lionfish Detection System for
AUV/ROVs”, a remotely operated underwater vehicle with
a robotic system for divers to locate red lionfish through real-
time object recognition with a CNN-based model is designed
and implemented. �e assistive robot is able to identify red
lionfish such that the divers can maximize their catch before
each dive. �e underwater vehicle is equipped with a camera
to collect live videos underwater, and the video streams are
processed in real-time to detect red lionfish. �e developed
system has been evaluated in areas currently invaded by red
lionfish in the Gulf of Mexico. �e outcome indicates the
usefulness of the system for detecting red lionfish with high
confidence in real-time.

It is hoped that this special issue serves as a cornerstone
to further stimulate and promote research studies related to
theory and application of deep learning and evolutionary
computingmodels for advancing computer vision technology
and delivering benefits to our society.
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Personalizedmovie summarization is demand of the current era due to an exponential growth inmovies production.The employed
methods for movies summarization fail to satisfy the user’s requirements due to the subjective nature of movies data. Therefore, in
this paper, we present a user-preference based movie summarization scheme. First, we segmented movie into shots using a novel
entropy-based shots segmentation mechanism. Next, temporal saliency of shots is computed, resulting in highly salient shots in
which character faces are detected. The resultant shots are then forward propagated to our trained deep CNN model for facial
expression recognition (FER) to analyze the emotional state of the characters. The final summary is generated based on user-
preferred emotional moments from the seven emotions, i.e., afraid, angry, disgust, happy, neutral, sad, and surprise. The subjective
evaluation over five Hollywoodmovies proves the effectiveness of our proposed scheme in terms of user satisfaction. Furthermore,
the objective evaluation verifies the superiority of the proposed scheme over state-of-the-art movie summarization methods.

1. Introduction

The video data is exponentially increasing over the Internet
and personal storage devices including social networks,
surveillance, and movies data due to advances and easy
access to capturing technologies. Movies data specifically has
become one of the most entertaining sources for viewers.
However, browsing a movie in enormous collections and
searching for a desired scene within a complete movie is
a tedious and time-consuming task. Movie summarization
(MS) techniques have tried to tackle this problem by produc-
ing a short video sequence from the movie, which contains
the most important events or scenes. Hence, the viewers may
have an idea about the context and the semantics of themovie
by watching only the important scenes.

In recent years, many MS techniques have been pre-
sented by researchers that can be broadly categorized into
automatic MS techniques [1–10] and user-preference based
MS techniques [11–15]. In automatic MS techniques, there is
no direct preference from the users to generate a summary.

These techniques rely on multiple clues such as scripts,
subtitles, and movies structure in combination with visual
and aural features. For instance, Ngo et al. [1] utilized
concept-expansion trees to construct a relational graph for
characterizing the semantic concepts of documentary videos.
You et al. [2] proposed a summarization method, where
four perceptive models are fused according to different cues
including motion, contrast, statistical rhythm, and special
scenes using a linear combination to generate the summary.
In contrast, Weng et al. [3] analyzed the movie from the
perspective of relationships between the characters of amovie
rather than audio-visual features. They constructed a role-
network and then identified the leading roles. The role-
network is then used to segment the movie into several
substories. Similarly, Salamin et al. [4] used an audio segmen-
tation method along with maximum a posteriori probability
(MAP) approach to determine main characters in a movie,
which can be used for indexing and retrieval of specific
character’s shots as well as for summary generation. Sang
and Xu [5] used face clustering to get main characters and,
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based on their appearance, they generated movie summary
which contained only main characters. Evangelopoulos et al.
[6] proposed a multimodal saliency based summarization
scheme for movies. They extracted features from three dif-
ferent modalities and integrated them to form a multimodal
saliency curve. They used spatiotemporal saliency model, an
AM-FM speech model, and Part of Speech (POS) tagging
to extract features from visual, aural, and textual module,
respectively. Aparicio et al. [8] summarized movies and doc-
umentaries of different genres by analyzing six different text
summarization algorithms onmovie scripts and subtitles.The
key contribution of their work is selecting a method that best
fits among the six techniques for a movie or documentary of
a particular genre. Another text based movie summarization
scheme presented by Hesham et al. [9] generated a short
summary as a trailer using subtitles of the movies. Hang Do
et al. [10] summarizedmovies based on developing characters
network. The relationships between characters are based on
their appearance, which is used to segment the full-length
movie into scenes. Finally, the storyline of the movie is
generated as a summary by measuring the social strength of
each character in the social network.

Due to diverse nature of movies and contradiction
between user’s preferences, the generated summary using
automatic MS techniques may be felicitous for one user, but
it may be infelicitous to others. SuchMS schemes do not have
strength to generate a summary that can fulfill the diverse
subjective requirements of users. Therefore, user’s preferred
shots selection for movie summary is still a challenging
problem, which is well addressed by user-preference based
MS techniques. For example, Li et al. [11] suggested that
substories from movies can be detected using short- and
long-term audio-visual temporal features analysis.The length
of generated summary is controlled by user input. Similarly,
Ellouze et al. [12] used audio-visual features for personalized
movie summary, where user can choose contents and type of
various shots along with the duration of the summary. How-
ever, the comparison of user-preferred contents and movie
contents is performed at feature level rather than semantic
level. Peng et al. [13] utilized the emotion and attention of
a viewer to generate summary according to user’s mood by
analyzing his facial expression, eye movement, blink, and
headmotionwhile watching a video. Amovie summarization
scheme based on user generated data is presented by Sun
et al. [15]. They used real-time comments given by audience
on the timestamp of a movie. The contents of the comments
show the concepts of the ongoing scene, while the number
of the comments indicates excitement level of the audience.
Concluding the MS literature, movies are richer sources,
providing semantics of complex ideas through audio-visual
data. Therefore, segmenting a movie based on semantic level
features gives best baseline for MS. Human emotions are one
of the semantic level information, which can be extracted
from video contents. FER has various applications in different
domains such as medical [21], content recommendation [22],
surveillance [23], safety [24], and robotics [25]. Similarly,
in movies data, emotions of characters are the prominent
element that directly gets audience’s attention, which can be
exploited to generate a meaningful summary.

Recently, a lot of research has been done for human
emotion recognition using facial expression analysis. A com-
prehensive survey on FER is presented byCorneanu et al. [26]
for RGB, 3D, thermal, and multimodal schemes. Traditional
facial feature extraction schemes such as Gabor wavelet
transform [27], optical flow [28], local binary patterns [29],
and model-based methods [30] have many limitations like
high computation and low performance due to diverse envi-
ronments, i.e., light changes, pose, and clutter background.
Moreover, these schemes are restricted to frontal faces and
uniform skin colors. Recently, deep learning technologies
[31] have shown tremendous results in the field of computer
vision compared to traditional approaches. For instance, Kim
et al. [32] proposed a hierarchical committee of deep CNNs
by combining the decisions of multiple models trained on
public FER databases. A feature redundancy-reduced (FRR-
CNN) is proposed by Xie et al. [33] for FER to generate
less redundant features and compact representation of the
image. Uddin et al. [34] extracted local directional position
patterns fromdepth video data and fed them into a deep belief
network (DBN) for FER. Inspired from CNN approaches,
in this paper, we proposed a user-preference based MS
scheme, based on FER to determine the emotional state of
the characters using CNN model. The user should choose
the kind of emotional states that he prefers to be part of
the final summary. The main contributions of this work are
summarized as follows:

(1) Emotions of characters in a movie are the prominent
elements that directly get audience’s attention. There-
fore, users always show interest in certain kind of
emotional scenes in a movie. In this paper, we present
a framework for generating summary based on user’s
preferred emotional scenes via an input query during
summary generation.

(2) The hierarchical structure of a movie assists generat-
ing a sensible summary in which shots segmentation
plays an important role. Therefore, we propose an
entropy-based shots segmentationmechanism,which
segments shots based on visual information. This
strategy helps categorize shots into informative and
noninformative.

(3) Deep learning approaches need huge data for better
learning of parameters, whereas existing FER CNN
models are not trained on such huge data. Therefore,
for precise training of FER first we trained the model
from the scratch over VGG face dataset to learn
the structure of face and then we fine-tuned this
model for FER on KEDF dataset. Our strategy gives
prominent results over state-of-the-art techniques.

The rest of paper is arranged as follows: Section 2 discusses
the proposed methodology for movie summarization in
detail. Experimental results and discussion are presented in
Section 3, followed by the conclusion and future work in
Section 4.
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Figure 1: Overall framework of the proposed movie summarization scheme.

2. Proposed Methodology

Our proposed MS scheme is four folded: (1) entropy-based
shots segmentation, (2) saliency extraction and face detec-
tion, (3) FER based on deep CNN model, and (4) summary
generation. All the steps are discussed in subsequent sections
in detail. The proposed system can generate summaries
based on user-preference for any genre of movie. The overall
framework of the proposed scheme is given in Figure 1.

2.1. Entropy-Based Shots Segmentation. Movies are also called
structured videos because they include hierarchical structure
of scenes and shots. A single shot is an uninterrupted segment
of a movie that consists of sequential frames with static or
continuous camera motion, while a scene consists of one or
more shots of the same place or activity captured from differ-
ent angles [1]. This structure assists in MS at initial stage by
segmenting the full-lengthmovie into shots and scenes. Shots
segmentation is a key step for any summarization technique,
especially, when dealing with entertainment videos. Recently,
numerous domain specific shots segmentation techniques
have been proposed such as color histogram based [15],
deep feature based [35], person appearance based [31], and
spare coding based methods [36]. In this paper, we proposed
entropy-based shots segmentation technique, which analyzes
frame sequences and selects the frame with sharp change
in visual contents. Entropy 𝐸𝑁 for a single frame can be
calculated using (1) and (2).

𝑝
𝑖 =
𝑛
𝑖

𝑁
𝑐

(1)

𝐸
𝑁
= −
𝑁
𝑐

∑
𝑖=1

𝑝
𝑖
log (𝑝

𝑖
) (2)

Herein, 𝑝
𝑖
is the probability of pixel, 𝑞

𝑖
∈ 𝑁
𝐶
, 𝑁
𝐶
is the

number of pixels in the neighborhood of pixel 𝑞
𝑖
, and 𝑛

𝑖
is

the number of pixels having same intensities. Entropy of a
frame represents the amount of information and semantics
of the visual contents. Thus, it helps categorize the shots into
informative and noninformative. Furthermore, the generated
summary represents the informative shots only by excluding
the shots with no or less information.

2.2. Saliency Extraction and Face Detection. Generally,
saliency of an image is used to extract the foreground
information, which can also be used for predicting the
amount of information in it [37, 38]. To select the most
informative shots, we calculated the average saliency score
of a single shot using a saliency optimization technique [39].
Firstly, saliency map of a frame is obtained and the sum of all
nonzero pixels is divided by the total number of image pixels.
Secondly, average saliency score for a single shot is calculated
by dividing the total sum of individual frame by total number
of frames in a shot. Finally, the average saliency score is
compared with a predefined threshold to select the most
salient shots. In this way, all the nonsalient or noninformative
shots are discarded, and the salient shots become the part of
generated summary. The salient shots are further analyzed
to detect characters’ faces. For face detection, a multitask
cascaded network [40] is used with additional constraint
of size. The size constraint for a face is applied due to
variation found in scale and poses to remove unwanted faces.
Therefore, we selected only those faces, which are 15% of
the frame size because main characters are filmed focused
and closed. Also, FER is not working perfectly for small-
sized faces [41]. Figure 2 represents some sample movie
frames with detected faces and their corresponding saliency
maps.
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(a)

(b)

Figure 2: Sample frames from test movies: (a) highly salient shots with detected actor’s faces and saliency maps and (b) low salient shots with
detected actor’s faces and saliency maps.

2.3. Facial Expression Recognition Using Transfer Learning.
Training a deep CNN model requires a huge amount of
data for learning its parameters from the scratch. However,
transfer learning becomes a key concept in deep learning
since it effectively deals with the problems having small
datasets [42, 43]. Recently, CNN has beaten human error on
image classification, when trained on a dataset with millions
of data samples. However, some tasks such as FER are still
facing the lack of data. Therefore, to tackle this problem,
we used the concept of transfer learning using ResNet [20]
CNNmodel for FER. ResNet CNNmodel has many versions
including ResNet-34, ResNet-50, ResNet-101, and ResNet-152
layers networks. We have utilized ResNet-50 to balance the
accuracy and time complexity of the system. Originally, it
is trained on 224 × 224 images of ImageNet [44] dataset,
which contains millions of samples for 1000 categories. We
did not achieve good results when using weights of the
pretrained ResNet-50 model for fine-tuning it on KDEF FER
dataset [45]. The reason is that we have only face images
that represent emotion of a human with very little changes
on face in KDEF dataset and the model, which is pretrained
on general categories data, is not effective for it. For this
purpose, we introduced two step learning procedure where
the first step includes training a CNNmodel from the scratch
for face identification and second is transfer learning of the
same model for FER. For face identification, we used large-
scale VGG face [46] dataset to train weights of ResNet-
50 for face data. The ResNet is primarily inspired by the

structure of VGG [47] model, where both models use small
size kernels for convolutional features extraction. The small-
sized filters help learn all kind of tiny patterns in data, which
are very common in FER [48]. ResNet utilized multiple
consecutive branches of convolutional layers stacked on each
other and performed down sampling with stride of 2. The
network is ended with a global average pooling layer and
one fully connected layer, presenting the number of classes
for classification. The architecture of 50 weighted layers is
given in Figure 3. The implementation details about transfer
learning are discussed in the experimental section.

2.4. Summary Generation. The shots with high saliency and
faces are forward propagated to the proposed trained CNN
model for FER. In our experiments, we observed that FER
from a single frame of a shot is not effective in representing
the emotional state of the entire shot. Also, there is a
possibility that a shot may contain multiple faces. Hence,
the maximum detected emotion is selected as emotional
state for the entire shot. Finally, the summary is generated
according to the user’s query specifying emotional state
from the predefined seven classes of emotions. The flow of
summary generation is visualized in Figure 4.

3. Experimental Evaluation

In this section, we have discussed the experimental evalu-
ation of the proposed MS scheme. We performed two sets
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Figure 4: Flow diagram of summary generation based on user-preferences.

of experiments: (1) an evaluation of the trained model on
KDEF dataset and its comparison with other models and
(2) a subjective evaluation on five Hollywood movies of
different genres.The experiments are performed using a deep
learning framework known as Caffe [49] that is installed over
Ubuntu16.04 operating system and equipped with NVIDIA
TITANXGPUhaving 12GBdedicatedmemory running over
a hardware of Intel� Core i5 CPU with 64 GB RAM.

3.1. Datasets. We have used two datasets: VGG face [46] to
train ResNet CNN model from scratch and KDEF dataset
[45] for transfer learning. VGG face dataset contains 2.6 M
images of 2.6 K celebrities around the world. KDEF dataset
contains 4900 images of 70 subject including 35 males and
35 females. This dataset contains 7 classes, i.e., afraid, angry,
disgust, happy, neutral, sad, and surprise. For each class,
image samples are taken from five different angles in two
sessions. This dataset best fits for our problem because, in
movies, characters’ faces are also found in a variety of poses.
Figure 5 represents some sample images from each class
of KDEF dataset. For subjective evaluation, five Hollywood

movies are used. The detailed description of test movies is
given in Table 1.

3.2. Objective Evaluation of Facial Expression Recognition.
The ResNet CNN model is first trained on VGG face [46]
dataset having 2597 classes. We resized all the images to
128×128 face regions and each pixel of the image is subtracted
from the mean image to normalize the intensities. The full
VGG face dataset is filtered out and some images were
discarded in training. The dataset used in our experiments
contains 0.42 million training and 0.14 million validation
images.The original ResNet-50 is trained on 224×224 images;
therefore, if we use pretrained ResNet-50, then its kernel size,
stride, and padding information is not fitting for 128×128
image classification problem. In our method, the weights
of ResNet for 128×128 face images are initialized from the
scratch. The detailed description can be seen in the original
ResNet article [20]. The model is trained for 50 epochs with
64 batch size and the learning rate is initialized with 0.01,
which is decreased after every 10 epochs by the factor of
learning rate ratio 10. The reason behind decreasing the
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Figure 5: Sample images from each class of KDEF dataset.

Table 1: Description of the test movies data.

Movie ID Movie title Genre Length
(min) Number of shots Number of

scenes
TLH The Lake House Fantasy/Drama 105 865 76

MBBN My Blueberry
Nights Romance/Drama 90 1009 73

YHGM You’ve Got Mail Comedy/Romance 119 1049 62
SA Salt Action/Adventure 100 2339 78
NH Notting Hill Comedy/Romance 124 1623 42

Table 2: Transfer learning results of different CNNmodel for KDEF
dataset.

CNN models Overall accuracy (%)
MobileNet [16] 40.65
SqueezNet [17] 45.37
AlexNet [18] 46.81
GoogleNet [19] 52.63
ResNet-50 (224×224) [20] 64.83
ResNet-50 (128×128) 93.65

learning rate is to prevent themodel fromoverfitting problem
during the training. We achieved precise results on VGG face
dataset using ResNet-50 layers network, where the accuracy
after 50 epochs reached 96.82% and the loss decreased up to
7×10−5. Results of different CNNmodels fine-tuned onKDEF
datasets are given in Table 2. It is clear from Table 2 that
all the pretrained models have achieved very less accuracy
when fine-tuned on the original weights. The reason of low
accuracy is that thesemodels are trained on general categories
dataset andwe need amodel whose parameters are previously
trained on face data. Therefore, first we trained ResNet-50
using large-scale VGG face dataset to learn face structure and
then fine-tuned the trained model on KDEF dataset for FER.

After training ResNet with face recognition dataset, we
claim that its weights can now learn face features and its
structure effectively. Therefore, we have used the parameters
of the trainedmodel for transfer learning of FER using KDEF
dataset. For fine-tuning process, all images of the KDEF
dataset are resized to 128×128 face regions and each pixel
of image is subtracted from mean image to normalize the
intensities. In transfer learning process, we have initialized
the learning rate from 0.001 and decreased it after each 10
epochs by the factor of learning rate ratio 10. The model
is fine-tuned for 30 epochs, achieving 92.08% validation
accuracy with loss of 0.192 at final epoch. Confusion matrix

and overall accuracy for the test set of KDEF dataset are
given in Table 3. All categories are not much confused with
each other, i.e., afraid, angry, and sad classes achieved per-
class accuracy under 90% while the rest of all classes have
accuracy above 90%. The results for this dataset are very
convincing, making our trained model capable of FER in
the heterogamous movie data. The KDEF dataset has various
categories of face poses and viewpoint variations, which help
to easily analyze the character’s facial expressions in the
movie.

3.3. Subjective Evaluation of Generated Summary. One of the
challenging steps in movie summarization is the evaluation
of the generated summary due to the lack of standards.
Generally, there are two types of assessment used in video
summarization literature that can be categorized into intrin-
sic and extrinsic techniques. In intrinsic evaluation, the
generated summary is directly analyzed from its contents.
For instance, fluency in generated summary, coverage of the
main theme of original video, and similarity with referenced
summary generated by movies expert are checked. In extrin-
sic evaluation, the performance is evaluated as information
retrieval problem using a multichoice questionnaire. The
excellence of summary is then measured by the increase in
quiz scores. In this paper, we followed the second technique
because it generates summary based on user’s query to select
emotional shots of a specific class. In our experiments, a total
of ten subjects participated in the subjective evaluation, in
which six students are selected from graduate and four from
undergraduate program having age in the range from 20 to
25 years. All the participants were instructed to watch the
selected movies before the evaluation and asked to rate the
following three questions between 1 and 10 after watching the
summary generated by their desired query. Table 4 represents
the statistics of all the detected emotions in the informative
shots of the test movies.
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Table 3: Confusion matrix and overall accuracy for the test set of KDEF dataset.

Afraid Angry Disgust Happy Neutral Sad Surprise Per-class accuracy (%)
Afraid 51 1 1 1 0 1 7 82.26
Angry 1 62 0 0 1 6 0 88.57
Disgust 0 1 73 0 0 2 0 96.05
Happy 0 0 2 71 0 0 0 98.03
Neutral 1 1 0 0 70 1 2 93.33
Sad 3 1 1 1 3 64 0 87.67
Surprise 1 0 0 0 0 0 43 97.73

Overall accuracy 93.65

Table 4: Statistics of all the detected emotions in the informative shots of the test movies.

Movie ID Number of shots detected in each emotion category
Afraid Angry Disgust Happy Neutral Sad Surprise

TLH 12 17 0 24 113 87 0
MBBN 19 13 1 18 211 48 6
YHGM 9 16 2 46 186 38 4
SA 13 20 0 4 102 72 2
NH 128 101 3 157 389 203 12
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Figure 6: Subjective evaluation of the generated summaries: (a), (b), and (c) represent average scores for Q 1, Q 2, and Q 3, respectively, and
(d) shows the average scores of all the three questions.
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Figure 7: Sample shots from movie “Notting Hill” with emotional states predicted by our proposed scheme.

Q 1: How much the summary is relevant to the input
query?
Q 2: How about the enjoyability of each summary?
Q 3: How about the informativeness of each sum-
mary?

In Figure 6, the average scores of all the participants for
each test movie are calculated and represented in the form
of graphs. It is clear from Figure 6 that all the test movies
give good results except “Salt”, which is an action movie. In
action movies, the human movements are fast, making the
task of FER very challenging due to blur effects. Our pro-
posed scheme achieved best results for movie “Notting Hill”,
which is a romantic movie, containing very rich emotions.
Figure 7 represents some shots from movie “Notting Hill”
with corresponding emotional state of the shots. Concluding
the overall evaluation and discussion, we claim that the
performance of our proposed scheme is best on movies of
genre drama, comedy, romance, and fantasy compared to
action and adventures.

4. Conclusion

In this article, we presented a user-preference based movie
summarization scheme. First, we segmented the movie into
shots using a novel entropy-based shots segmentation mech-
anism. Secondly, we computed temporal saliency for each
shot to discard nonsalient shots. Next, character’s faces are
detected in the salient shots and fed into a deep CNN model
for FER. Finally, the summary is generated according to
the user’s query of any emotion state from the predefined
seven classes. We evaluated our trained model for FER and

the overall proposed scheme of movie summarization using
objective and subjective analysis.We found that our proposed
scheme demonstrates better performance compared to other
movies summarization techniques. In future, we aim to
conduct experiments on animatedmovies and fuse both aural
and visual features for movies summary generation.

Data Availability
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Wireless Sensor Networks (WSNs) have a wide range of applications scenarios in computer vision, from pedestrian detection to
robotic visual navigation. In response to the growing visual data services in WSNs, we propose a proactive caching strategy based
on Stacked Sparse Autoencoder (SSAE) to predict content popularity (PCDS2AW). Firstly, based on Software Defined Network
(SDN) and Network Function Virtualization (NFV) technologies, a distributed deep learning network SSAE is constructed in the
sink nodes and control nodes of the WSN network. Then, the SSAE network structure parameters and network model parameters
are optimized through training. The proactive cache strategy implementation procedure is divided into four steps. (1)The SDN
controller is responsible for dynamically collecting user request data package information in the WSNs network. (2)The SSAEs
predicts the packet popularity based on the SDN controller obtaining user request data. (3) The SDN controller generates a
corresponding proactive cache strategy according to the popularity prediction result. (4) Implement the proactive caching strategy
at the WSNs cache node. In the simulation, we compare the influence of spatiotemporal data on the SSAE network structure.
Compared with the classic caching strategy Hash + LRU, Betw + LRU, and classic prediction algorithms SVM and BPNN, the
proposed PCDS2AW proactive caching strategy can significantly improve WSN performance.

1. Introduction

According to the latest Cisco release of the Visual Network
Index (VNI) [1] forecast, the number of devices connected
to the Internet of Things (IoT) is projected to expand to
somewhere between 20 and 46 billion by 2021. Thanks to
the simple deployment and various practical applications, the
potential benefits of wireless sensor networks (WSNs) con-
cern a wide range of application scenarios, from pedestrian
detection to robot vision navigation, from industrial systems
to home appliances. While billions of new devices connect to
the network in a short period of time inWSNs, there will have
huge data traffic.Therefore, congestion control and data share
should be considered. As Figure 1 shows, the WSN network
is deployed for traffic monitor, which composed of different
network protocols that cannot be directly connected, and it
is difficult to achieve fast sharing of sensing data to meet the
performance requirements of the system.

For specific applications, once the distributed WSN is
deployed for traffic monitor, the sensor node handles not
only the sensing tasks but also maintenance of the route
status.With the solidified resource management mode, when
the upper-layer application requirements change, it is very
difficult to apply flexible changes according to the new
requirements. Therefore, it is seriously wasting resources
without realizing dynamic perception.

Software-defined network (SDN) [2] as a new type of
network architecture attracting attention in recent years is
applied to future networks. The core idea of SDN is the
separation of control plane and forwarding plane.The control
plane is aware of network status and network resources,
and then the central controller flexibly and dynamically
configures the logic control functions and high-level policies
of the network. On the data plane, this configuration can
be performed without affecting the normal network traffic.
Network Function Virtualization (NFV) [3] applies the goal
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of automated management and distributed deployment by
introducing virtualization technology. SDN and NFV are
introduced to improve the performance in WSNs [4].

To address the congestion issue, proactive caching [5, 6],
which wildly used in ICN, is introduced into the WSNs
[7]. Data package caching will improve the performance of
WSNs, including reducing packet latency, network traffic, and
BER of transmission. Recently, proactive caching based on
content popularity prediction of Deep Learning (DL), has
attracted widespread attention in academia and industry [8–
13], which will significantly benefit cache efficiency. Content
popularity prediction based on DL can automatically find the
rule from the data and use this rule to predict the unknown
data. Therefore, in WSN data, caching would significantly
improve resource utilization and network performance.

Therefore, we propose an efficient proactive cache strat-
egy based on distributed stacked sparse autoencoder inWSNs
(PCDS2AW) for data package content popularity prediction.
Firstly, NFV functions are used to virtual part of hardware
resources in the control node and sink nodes and routers
of general hardware. Then, based on those virtual hardware
resources, a distributed deep learning network, SSAEs, is
constructed. Next, the SDN controller works in conjunction
with global cache resources and SSAEs. At theWSNs network
level, the SDN controller can dynamically sense the cache uti-
lization information and periodically collect user data packet
request information. These historical requests and real-time
requested packet information are input into the distributed
SSAE for content popularity prediction. Finally, based on
the data package, popularity prediction the SDN controller
generates the proactive cache strategy and synchronizes it
to the WSNs cache nodes through the SDN flow table to
implement content caching and replacement.

As a virtual technology, NFV can provide support for
referencemachine learning and can achieve seamless cooper-
ation with SDN [4]. SDN uses stream-based data forwarding,
with a focus on data exchange and forwarding, while WSN is

constrained by the specific type of sensor deployed, which is
essentially data-oriented. Therefore, based on NFV, machine
learning algorithms are used to predict network traffic,
and SDN realizes fast forwarding and complements WSN’s
efficient perception.

In order to implement cache strategy based on the
global data package content popularity prediction, the SDN
controller should know the popularity of all requested data
package information in WSNs. Therefore, the SDN/NFV
technology is used in upper-layer include sink nodes, control
nodes, and router to construct some virtual content request
and statistics servers.These statistics servers are configured to
collect the request data package information from the WSN
nodes. The content request information is aggregated to a
virtual global content request statistics server. Therefore, the
control node collects a large amount of global data package
request information and uses the deep learning algorithm to
build a prediction content popularitymodel and then uses the
prediction model to guide the WSNs for efficient caching to
reduce traffic.

The main contributions of this paper are as follows:(1) in the WSNs, we propose a method for constructing a
distributed stack sparse autoencoder deep learning network;(2) SSAEs use the spatiotemporal information of user request
data packets to predict the data packet popularity; (3) under
the cooperation of SDN controller, cache nodes implement
the proactive cache and replacement of the data packet
content of the whole network, which makes the utilization of
cache resources more reasonable; (4) simulation results show
that, compared with Betw [14], Hash [15], and Opportunistic
[16], the proposed proactive caching strategy could improve
the performance of WSNs.

The remainder of this article is structured as follows.
In Section 2, related works are described. In Section 3, the
system model is proposed. In Section 4, some evaluation
metrics and the numerical simulation results are discussed.
Finally, we conclude in Section 5.
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2. Related Works

In order to meet the needs of the interconnection of all
kinds of objects, the distributed WSN for application design
is beginning to transform to support heterogeneous intercon-
nection, which is one of the root causes of SDN introduction
of WSN.

In 2012, Luo [17]and Mahmud [18] discussed the inte-
gration of SDN and WSN almost simultaneously and made
important contributions to the birth of SDWSN. Zeng et al.
[19] proposed a software-defined sensor networks (SDSN)
architecture that supports “sensing as a service” combined
with cloud computing, in which architecture and the con-
trollers are wirelessly used for different sensing tasks. In
[20], the author proposed Elon system which implements
the function of dynamically modifying the sensing node
code by means of replaceable components. Subsequently,
the author’s team further implemented the transmission on
the SDSN. In [21], based on a new event-triggered strategy,
the author proposed an event-triggered distributed multi-
sensor data fusion algorithm for wireless sensor networks
(WSNs). In [22], the authors deployed multiple controllers to
build a more flexible control channel, which greatly reduced
the average network control delay. The dynamic redefinition
function of the node function [23] could effectively extend
the network lifetime. In [24], the authors proposed a general
architecture for implementing the controller on the WSN
base station to enhance the intelligent management of the
network. In [25], the authors defined the cluster head as
a switch in the wired network, and the only controller is
deployed in the WSN base station to save the sensor node
energy. 0The author [26] proposed UbiFlow, which was a
software-defined IoT system for ubiquitous flow control and
mobility management in a large number of heterogeneous
WSNs.

SDN and NFV are not combined standard, and they
provide different aspects of network-based services. Inno-
vative network paradigms SDN and NFV have attracted
the interest of IoT network operators and service providers.
Some researchers have introduced SDN into the IOTnetwork
architecture, such as SDN-WISE [27], SDWN [28], TinySDN
[22], andUbiFlow [26]. However, many of these architectures
lacked virtualization methods. In [4], in order to quickly
respond to the challenges brought by flexible deployment of
the Internet ofThings, the author combined NFV technology
with SDN technology and proposed a general SDN-IoT
architecture. In [29], to verify and test the 6LoWPAN testbed,
a customized Software Defined–Network Functioning Virtu-
alisation (SD–NFV) is proposed.

As a kind of technology to improve network performance,
cache technology is widely used in future Internet and
communication. Recently, caching has also been a concern
in the Internet of things. In [30], the author introduced
the in-network caching to the IOT. Firstly, the author
defined the lifetime of IOT transmission data, which was
determined by application time and location tags, then a
trade-off model between multi-hop cost and data fresh-
ness was proposed and applied to the content router of
the Internet of things. In [31], to adapt highly dynamic

environments with a coarse knowledge of car trajectories,
the author proposed a Mobility-Aware Probabilistic (MAP)
edge caching strategy. In [32], to enhance the service in
mobile ad hoc networks (MANNET), the authors proposed
a comprehensive strategy which includes cache placement,
cache discovery, cache consistency, and cache replacement
algorithms. In [33], the author developed a dynamic source
rate control algorithm based on cache awareness. Depending
on the network traffic, the rate control algorithm used a cache
management policy (such as a cache elimination policy and
a cache size allocation) to move the transmission window
so that packet loss may be mitigated during high speed.
In [34], the caching mechanism which was applied to the
transport protocol would effectively reduce the number of
end-to-end retransmissions, node power consumption, and
packet delay to improve network performance. In [35], the
author had comprehensive evaluation of cache utilization
characteristics with the cache replacement techniques. When
caching techniques were applied in theWSNs, the simulation
results showed that the performance of packet loss rate, power
consumption, and packet transmission delay improved.

Content popularity prediction is one of the key points
for caching in which content should be storages; there is no
literature to mention in WSN fields. The author [36] used
the Markov model to predict sensor operation and proposed
a smart cache model based on sensor power to improve
cache hit ratios in the ICN-based IoT sensor networks. In
[15], based on content popularity, the author proposed a
caching decision policy, which allowed a single ICN router
to cache content more or less according to the popularity
characteristics of the content. In [37], the author proposed
a regression method that supported vector regression and
Gaussian radial basis functions to predict the popularity of
YouTube and Facebook online videos. Mao [38] proposed
a multitasking learning (MTL) module and a relational
network (RN). The module’s general prediction model used
to predict TVdrama views. In [39], a bi-directional long-term
short-termmemory neural network (BiLSTM) was proposed
to predict the prevalence of online content. Studied in video
and news texts, data sets have shown that deep network
performance is greatly improved. In [40], the authors pro-
posed that content popularity predictions could translate
as classification problems and then made the end-to-end
multimodal prediction based on the deep neural networks. In
the experiment, text information and visual informationwere
used to verify the validity of the models. In [41], to reduce
congestion of backhaul network traffic, the authors proposed
to predict user request based on file popularity and user and
file patterns, during off-peak request the system proactive
cached files. Through the acquisition of mobile subscriber
service data of multiple base stations within a few hours
interval, analysis was conducted on the big data platform to
study the extent of evaluation of the content popularity, and
proactive cachingwas performed [42].The result showed that
the level of satisfaction with user requests could be increased,
while the backhaul network traffic could be reduced.

Deep learning has raised concerns in WSN and IOT.
In SDN-IoT network [43], to forecast the congestion and
traffic load, the author proposed a deep learning algorithm
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to predict the future traffic load. In [44], in order to predict
the evolution of traffic in the global network, the author
proposed a hybrid convolution long-term memory neural
network (CRS-ConvLSTMNN)model based on critical path.

Our research shows an effort to be combined with
SDN, NFV, DL, and WSN. The proposed proactive cache
strategy provides a reliable and efficient method to share the
network resource ofWSN cache devices.We propose a simple
structure of SDN / NFV combined with SSAEs to solve the
challenges of WSN, especially in traffic load and congestion
management issues. This will improve the network efficiency
and flexibility of WSN applications.

3. Methods

3.1. Distribute Deep Learning Networks Architecture on the
WSN. The distributed deep learning network system archi-
tecture is shown in Figure 2. In WSN, the upper-layer trans-
mission hardware consists of sink nodes, control nodes, and
routers. All of the elements are SDN-enabled architecture,
which realizes the separation of the control plane and the for-
warding plane. With calculation and caching function, these
network elements cooperate through the SDN controller.
Therefore, the NFV/SDN technology is utilized to construct
virtual distributed deep learning network architecture. In the
WSN, those devices which have cache resources, such as sink
node, router, sub-control node, and main control node, will
share partial hardware by NFV to construct the deep learning
network. The sink node/router resource will be the input
part, and the main control node is the major calculation
resource. Then the SDN controller is constructed on the
main controller node. With SDN enabled in the WSN, SDN
community is with sink node and router through the flow
table. Therefore, the main control node may be dynamically
aware of the status of the WSN.

On the distributed deep learning network, we construct
the SSAEs. The hidden layers and output layer are on the
main controller. In our model, SSAEs will predict the data
package popularity in the future through historical user data.
Therefore, a statistics server will be a virtual construct on
the main control node. Those sink nodes will collect the
local data package request information and send it to the
statistics server. During the training stage, the statistics server
will provide the historical data to the input layers. And
the prediction stage, the statistics service summarizes the
several timeslot request data for the input layers. Then the
SSAEs make a prediction for data package in the future.
The SDN controller generates a cache strategy based on
the prediction. And the cache strategy is synchronized to
those cache nodes to implement proactive caching in the
period.

3.2. Deep Learning Network

3.2.1. SparseAuto-Encoder. As anunsupervised feature learn-
ing method is widely studied in the field of deep learning,
Sparse Auto-Encoder (SAE) has the capability to find a
concise and efficient representation of complex data.

The SAE network has three different layers: input layer,
hidden layer, and output layer. In order to obtain the optimal
hidden layer parameters, that is, to minimize the SAE recon-
struction error, the SAE network requires that the output
layer be equal to the input layer. The data procedure of SAE
is divided into encoding and decoding.

Encoding: The encoding process is to obtain feature y of
the input layer value 𝑥. The original user requirement data
is denoted as vector 𝑥 = [𝑥(1), 𝑥(2), . . . , 𝑥(𝑛)]𝑇; parameter 𝑛
means the total number of the input nodes.

𝑦 = 𝑓 (𝑥) = 𝛿 (𝑊𝑥 + 𝑏) (1)

where vector y = [𝑦(1), 𝑦(2), . . . , 𝑦(𝑚)]𝑇 indicated the feature
expression of the hidden layer, and parameter 𝑚 denotes the
nodes of the hidden layers. Parameter 𝑏 denotes the bias
vectors, and𝑊 represents the weight matrix from input layer
to hidden layer. 𝛿(𝑥) represents the activation function.

Decoding: The decoding process is to obtain the recon-
structed vector 𝑧 of the output layer from the hidden layer
value 𝑦.

𝑧 = 𝑔 (𝑦) = 𝛿 (𝑊𝑇𝑦 + 𝑏) (2)

where 𝑧 = [𝑧(1), 𝑧(2), . . . , 𝑧(𝑛)]𝑇, 𝑦 denotes the feature
expression of output layer, and 𝑏 denotes the bias vector.

In the SAE feature learning process, in order to minimize
the loss caused by coding, the basic requirement is that the
reconstructed output is close to the input. In the process
of constructing the loss function, in order to learn more
optimized sparse features, the sparse penalty term is added
to the objective function of the encoder. The feature learned
in this way is not simply repeated input. In fact, the role of
the sparse penalty term in the hidden layer is to control the
number of activated neurons.When the output of the neuron
is 0, the neuron is the inactive state. While its output is 1,
the neuron is active. Another goal in the feature learning
process is to reconstruct the input with fewer active nerves.
The reconstruction loss function of SAE is as follows:

𝐿 = 1𝑛
𝑛∑
𝑖=1

[12 (𝑥(𝑖) − 𝑧(𝑖))2] + 𝜆2
𝑛∑
𝑖=1

𝑚∑
𝑗=1

𝑤2𝑖𝑗
+ 𝛽 𝑚∑
𝑗=1

[𝜌 log 𝜌𝜌𝑗 + (1 − 𝜌) log 1 − 𝜌1 − 𝜌𝑗]
(3)

The loss function consists of three parts; the first parts
denotes mean square error between the reconstructed out-
put and the input. And the second part is 𝐿2 regulariza-
tion which used to control the over-fitting issue, and 𝑤𝑖𝑗
denotes the weight. The last part is the sparsity regulariza-
tion, where 𝜌 denotes the desired target value, and 𝜌𝑗 =(1/𝑚)∑𝑚𝑖=1[𝑦𝑗(𝑥(𝑖))], which mean the average activation out-
put. In the loss function, parameter 𝜆 is to prevent overfitting,
and 𝛽 is to control the sparsity penalty.
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Figure 2: Deep learning network structure in WSNs.

With the greedy layer-wise training and backpropagation
algorithm being used to obtain the parameters𝑊 and 𝑏, the
detail iteration process is as follows:

𝑤𝑖𝑗 = 𝑤𝑖𝑗 − 𝜀 𝜕𝜕𝑤𝑖𝑗 𝐿 (4)

𝑏𝑖 = 𝑏𝑖 − 𝜀 𝜕𝜕𝑏𝑖 𝐿 (5)

The hyperparameter learning rate 𝜀 is used to control the
decreasing function of time. After training, SAE would learn
the effective sparse feature representations.

3.2.2. Stacked Sparse Auto-Encoder Plus Softmax Classifier.
In the WSN system, we will use the SSAE (Stacked Sparse
Auto-Encoder) deep learning network due to the limitation
of resources. The SSAEs are a deep neural network which
consists of multiple layers of basic SAE. The outputs of each
SSAEs layer are connected to the inputs of the successive
layer. As shown in Figure 3, the SSAEs are composed of two
layers SAE, where the first SAE is treated as an encoder,
and the second SAE is a decoder. The output y 1 of the
first SAE will be the input value of the input layer of the
second SAE. When all the SSAE training finished, the model
got the features parameter. And all the parameters of SSAEs
are utilized to initialize the Softmax classifier to classify the
objects.

3.3. Proactive Cache Strategy

3.3.1. Network Parameters of SSAEs. When we construct the
SSAEs, some systemparameter should be decided in advance,
such as the dimension of the input layer, the number of the

layers of the hidden layer, the number of neurons in each
hidden layer, and the activation function of each layer.

In the SSAEs model, we could use some data groups
to make a prediction. It is assumed that there has 𝑡 width
window slide along the time axis. The basic unit widow
is one timeslot. In unit windows, all the sink nodes will
report corresponding measure data, and those data contain
spatial distribute of the WSN sink nodes. If few sink nodes’
data missing, we consider the corresponding data is zero.
Therefore, if there is more than one timeslot, the measure
data contain the spatial-temporal information. If the timeslot
window is 𝑡, there are 𝑝 × 𝑡measure data which will provide
for the input layers of SSAEs. And the 𝑝 × 𝑡 measure will
concatenate as a vector.

Especially, when the window 𝑡 > 1, the prediction of
SSAEs will contain the spatial-temporal correlation of data
package popularity. The measured data could present as𝑋𝑖−1, 𝑋𝑖−2, . . . , 𝑋𝑖−𝑡, where 𝑖 denotes the timeslot and 𝑡means
the past time. Therefore, we could use the past measure to
predict future data package popularity. The input data of the
SSAE contain time dependence of content popularity. And
the 𝑝 × 𝑡 measure data represent the traffic information of
sink nodes in the WNSs.

In this article, it assumes that the content popularity has𝑞 levels; therefore the output of the Softmax classifier is also𝑞 levels. The output is present as the one-hot vector, and the
corresponding level is the level of data package popularity.

Based on the previous description, we do not discuss the
changes in the number of sensors in theWSN network. In the
SSAEs network model construction, information collection
is implemented at the sink nodes rather than directly on the
sensor because the sensor nodesmay change. In the first case,
the sensor node is reduced, which is manifested by the fact
that the sensor node loses connection with the WSN sink
node for various reasons. This situation is similar to the fact
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Figure 3: SSAEs structure.

that the data obtained by the sink node from the sensor node
is zero, which does not affect the structure of the SSAE net-
work and does not affect the prediction results. In the second
case, new sensor nodes are added to theWSN network due to
the need to acquire new data. In this case, we can consider a
certain amount of node redundancy when initially building
the network model. The measured data of these redundant
nodes may take the average of the measured values of the
WSNs sensors in the corresponding time slots as their values.

3.3.2. WSNs Data Package Popularity Prediction. Briefly, the
popularity prediction procedure of SSAEs consist of initial-
ization, training, and running stages.

(i) Initialization Stage. In this stage, the greedy layer-wise
training and backpropagation algorithm is used to train the
SSAEs model. Therefore, the initialization stage should get
the labeling data, including the user request data vector
and the corresponding classified information. As mentioned
earlier, the user data package of theWSNnetwork is collected
by the SDN controller. And the output value is a multi-
dimension one-hot vector which denotes the data package
popularity in the appointed timeslot in the future.

(ii) Training Stage. In this stage, the pre-training obtains
the general parameters, and fine-tuning will optimize those
parameters. The greedy layer-wise unsupervised learning
algorithm is executed from down to top. Then with the
gradient-based optimization technique the BP algorithm is
executed from top to down to finetune the SSAEs parameters.

When training is finished, the optimized parameters of
SSAEs are fixed.

(iii) Running Stage. In this stage, the SDN controller will
dynamically input the user request data information; then
the SSAEs will make a prediction. And the data package
popularity prediction will send to the SDN controller to
generate cache strategy for the WSNs cache nodes.

3.3.3. Proactive Cache Strategy in WSNs. Based on the data
package popularity prediction and theWSNs status, the SDN
controller will generate the cache strategy.

In the SDN-enabled WSN, SDN controller reserves the
topology information of all the WSN nodes and the routing
information and is dynamically aware of the cache status of
the cache node. The cache status information contains how
many cache spaces are available and what is the priority level
of the cache of each node.Thebasic principle of cache strategy
is to reserve the high-level content and replace the low-
level one. And those contents will be popular in the future
time period and not be replaced. The SDN controller will
periodically update the strategy when the SSAEs dynamically
adjust the data package popularity prediction.

SDN controller generates the cache policies, and cache
nodes are only responsible for the execution of the caching
strategy.Due to the SDNcontroller taking thewhole topology
of WSN network and the cache status of all cache nodes into
consideration, the cache strategy will be efficient to avoid the
waste of caching resources and reduce the communication
overhead between those cached nodes.

In the SDN-enabled WSN, SDN controller reserves the
topology information of all the WSN node and the routing
information and is dynamically aware of the cache status
of the cache node. The cache status information contains
how many cache spaces are available and what is priority
level of the cache of each node. The basic principle of
cache strategy is to reserve the high-level SDN controller
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and is not only responsible for the routine work but also
responsible for the deployment and maintenance PCDS2AW.
When the cache strategy is updated, the SDN controller
will update the routing forwarding table for content in
the WSNs node and synchronize it to WSN node. When
WSN node receives the routing forwarding table, that rout-
ing information will actively be inserted into the normal
switch routing table before the data packet arrives. The
data package will be cached to the assigned space when
the high-level data packet arrives. Meanwhile, the low-
level data packet will be replaced if the cache space is not
enough.

WSN cache node addressing can work normally even if
the routing and forwarding tables are missing or incomplete.
The input information of the neuron in the PCDS2AW
network is incomplete or some nodes are input timeout or
the data noise is large.The PCDS2AW can still work properly
and can predict the data package popularity of the input user
request information.Therefore, PCDS2AW could show good
performance of robustness.

Algorithm 1 (the implementation of PCDS2AW for proactive
caching for WSN).

Initial: parameters of PCDS2AW
L = 3: Number of hidden layers
Ni = 1200: Number of input dimension
Nh = [300,200,100]: Number of hidden layer dimension
Ts=6: Number of timeslots
Sp = 0.1: Number of sparse parameters𝛼 = [1.2, 1.5]: the Zipf law parameter𝑋𝑖: generate the data package request data based on

P(𝑋𝑖 = i) = i−𝛼/∑𝑀𝑗=1 𝑗−𝛼.𝑊𝑙𝑖: generate the weight parameter for each layer of SSAE.𝑏𝑖: generate the bias parameter for each layer of SSAE.
Pn = 40000: the number of pre-training epochs;
Fn = 10000; the number of fine-training epochs;
Training:
P = [Pn, Fn]
Repeat:

For Do L=1:3

(1) Input𝑋𝑖,
(2) Calculate 𝑦𝑖 based on Formula (1);𝑋𝑖 = 𝑦𝑖;
(3) Decode 𝑧𝑖 based on Formula (2);
(4) Calculate cost function J based on Formula (3)
(5) Update𝑊𝑙𝑖and 𝑏𝑖 based on Formula (4) and (5).

Pi = Pi -1;
Until (Pi=0)
Proactive Cache:
Input X𝑡: the used request data information form slot t-i

to t.
Calculate the data package popularity 𝐶𝑝 based on

Formula (1) ∼ (3).
Sort 𝐶𝑚 = min[𝐶𝑖𝑗], for all cache node𝑁𝑘;
Replace the C𝑚with 𝐶𝑝.

4. Results

4.1. Experimental Environments. In our simulation, we use
the TensorFlow framework to construct the SSAEs deep
learning network. And the SDN is built on the OpenFlow
protocol which separates the control plane of the WSN
nodes from the data plane. Our simulation platform runs on
Ubuntu 14.04 with 4 GPU cards, NVIDIA GeForce TitanX
12G GDDR5, and 64G RAMmemories.

To simulate packet behavior in a WSN network, we
assume that the set of packet content throughout the network
is 𝐹 = 𝑓1, 𝑓2, . . . , 𝑓𝑅. These packets are generated by the
content server in the WSN network and they are represented
by the set 𝑆 = 𝑠1, 𝑠2, . . . , 𝑠𝑝. For ease of research, we assume
that each content packet is randomly generated by only one
content server, and each content server is only connected
to one network node. At the same time, assuming that all
content servers have the same size content unit, the cache
space of each cache node of the WSN is the same size, and
the cache slot in the cache memory can only accommodate
one content unit. In addition, it is assumed that the timing
of user packet content requests in the WSN system is subject
to the Poisson distribution process. Assuming the user sends
a packet request from a fixed virtual node, the overall user
packet request conforms to Zipf ’s law.The frequency at which
the user requests the content popularity 𝑖 (1 ≤ 𝑖 ≤ 𝑀) of the
data packet is as follows:

𝑃 (𝑥 = 𝑖) = (𝑖−𝛼)𝐶 ,
𝐶 = 𝑀∑
𝑗=1

𝑗−𝛼 (6)

where𝑀 is the total category of the data package content.
In the experiment, the user content request parameters

in the WSN network collected by the SDN controller are
first constructed as a one-dimensional sequence and then
subjected to [0, 1] normalization processing, and, finally,
these measurement parameters are input to the input layer
of the SSAEs network.

In the active cache emulation, when the user requests the
content of the packet, the content matching is first performed
in the cache in the corresponding node of the WSN. If the
content is found, it indicates a cache hit; otherwise, the cache
is not hit. When the user requests that the data packet is
missed in the cache, the requested data packet content is
traversed throughout the content distribution path of the
content server. When the packet requested by the user is
grouped, the SSAEs predict the content popularity level based
on the measured values in the set slot segment. At the same
time, the content popularity prediction result is sent to the
SDN controller to generate a new cache policy. The SDN
controller synchronizes the cache policy with theWSN cache
node data plane through the flow table.

4.2. Evaluation Metrics. In this article, the research goal is
full use of the cache resources in the WSN network by
reducing the WSN cache node and increasing the storage
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Table 1: Architecture structure for SSAEs. Table 1 is reproduced from F. Lei et al. (2018) (under the Creative Commons Attribution
License/public domain).

Timeslot Dimension of input layer Hidden Layers Hidden Layers units MAPE (%) MAE RMSE
2 400 3 [300 200 100] 25.73 13.92 24.79
4 800 3 [300 200 100] 23.68 12.89 21.91
6 1200 3 [300 200 100] 22.11 13.95 20.24
8 1600 3 [300 200 100] 24.64 15.94 23.56
10 2000 4 [300 300 200 100] 26.32 16.28 25.73

content difference rate. Therefore, the evaluation criteria of
the proactive cache are the cache hit rate, cache route hop
count reduction rate. In addition, we also consider the impact
of the data packet content popularity Zipf parameters on
these evaluation metrics.

The results of the SSAEs prediction model will directly
affect the generation of the caching strategy. Therefore,
it is necessary to evaluate the SSAEs model performance
indicators. We use three performance metrics: root mean
square error (RMSE), mean absolute error (MAE), and mean
absolute error (MAPE). The specific calculation formula for
these indicators is as follows:

𝑅𝐸𝑀𝑆 = √ 1𝑁
𝑛∑
𝑖=1

(𝑜𝑖 − 𝑝𝑖)2 (7)

𝑀𝐴𝐸 = 1𝑁
𝑛∑
𝑖=1

𝑜𝑖 − 𝑝𝑖 (8)

𝑀𝐴𝑃𝐸 = 1𝑁
𝑛∑
𝑖=1

𝑜𝑖 − 𝑝𝑖𝑜𝑖 (9)

where 𝑜𝑖 is the observed number of data package being
requested, 𝑝𝑖 is the predicted number of data package
content being requested, and N denotes the total number of
evaluation samples.TheRMSEmeasures the extremum effect
and the error range of the predicted values, and the MAE
measures the specificity of the average predicted value. Both
of them evaluate the absolute error.MAPE reflects the relative
error. When the MAPE is minimized, we consider the model
as the optimal structure.

The proactive caching performance metrics is as follows.𝐶𝐻𝑅 (Cache Hit Rate) is a traditional measure of caching
performance. The CHR is defined as the ratio of the number
of hits requested by the user in the intermediate node to the
total number of packets requested by the user.

𝐶𝐻𝑅 = 𝐶𝑎𝑐ℎ𝑒𝐻𝑖𝑡𝑇𝑜𝑡𝑎𝑙𝑅𝑒𝑞𝑢𝑒𝑠𝑡 (10)

where 𝑇𝑜𝑡𝑎𝑙𝑅𝑒𝑞𝑢𝑒𝑠𝑡 is the total data package content
requests in all WSN nodes and 𝐶𝑎𝑐ℎ𝑒𝐻𝑖𝑡 is total number of
data package content request hit the cache nodes. It means
the higher the 𝐶𝐻𝑅, the higher the cache efficiency.𝐻𝑅𝑅 (Hop Reduction Ratio) is the ratio of the number
of hops when requesting a data packet hit the cache node to

the number of hops from the request data packet to the data
source node.

𝐻𝑅𝑅 (𝑡) = ∑𝑅𝑟=1 ℎ𝑟 (𝑡)∑𝑅𝑟=1𝐻𝑟 (𝑡) (11)

where 𝐻𝑟(𝑡) and ℎ𝑟(𝑡) mean the hops that user get the
request data package from source nodes and cache node in
timeslot [𝑡, 𝑡 + 𝑘], respectively. And if there are not cache
resources in WSNs, ℎ𝑟(𝑡) = 0, then𝐻𝑅𝑅 = 0.
4.3. SSAEs Architecture Structure. Before performing content
prediction, it is necessary to determine the appropriate SSAE
architecture structure parameters, including the input layer
dimension, the number of hidden layers, and the number of
neurons in each hidden layer. We assume that cache nodes
(including sink nodes, router, and control node) are 100 in
theWSNnetwork, and sink node is connected to 200 sensors,
so 200 measurement data can be collected in each time slot.
Therefore, the dimension of the appropriate input data can
be determined by studying the number of slots. In the WSNs
network, the SDN controller collects the WSN network node
to input the user request data to the SSAE network every
k time slot. As reported in [6, 10], we set the SSAEs deep
learning with 3 hidden layers. We compare the time slot
k from the set {2, 4, 6, 8, 10}, which means that the input
dimensions range from 400 to 2000. When the MAPE is
minimum, we obtain the optimal SSAEs structure for our
prediction system model.

The SSAE network architecture test results are shown in
Table 1. As the time slot increases from 2 to 10, the dimension
of the input parameters is gradually increased.When the time
slot is increased from 2 to 4, that is, the dimension of the
input parameter is increased from 400 to 800, the MAPE
reduction is significant. When the time slot is 6, the input
dimension is 1200, and the MAPE reaches the minimum
value, which is about 22.11%. Subsequently, as the time slot
increases, that is, the input dimension increases, the MAPE
increases. In subsequent experiments, the input dimension of
the SSAEs network was set to 1200 and the three-layer hidden
layer unit was [300 200 100]. In this process, the number
of time slots represents the time-dependent characteristics
of the number of inputs. If the number of time slots is too
small, the correlation of the data cannot be reflected. If the
time slot is too large, additional potential irrelevant inputs
will be introduced, making it more difficult for the network
architecture to learn a good representation.
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Figure 5: The impact of content popularity on caching.

The effect of sparse parameter of the SSAEs is compared,
as shown in Figure 4.When the spare target is 0, whichmeans
no sparse target for the SSAEs, the MAP is about 62.18%.
With the sparse target increase from 0 to 10%, the MAP is
the minimum, 22.11%. With the sparse target increase from
10% to 50%, the MAP also increases to 78.86%. In the SSAEs,
the sparse keep as 10%.

4.4. Experimental Results. In the simulation, we also assume
that there are 100 cache nodes in the WSN network, 200
measurement data can be collected in each time slot. The
other design parameters are as follows: the quantity of users’
data package request is set to 120000, the average data package
content size is the 1k bit, and the unit size of node cache is the
1k bit. All the following results are the average of 10 rounds
simulation.

We study changes in network performance due to
PCDS2AWprediction and generalization capabilities. Firstly,
we compare PCDS2AW with traditional classic caching
strategies that do not support SDN, such as Betw + LRU,
Hash + LRU, and Opportunistic. At the same time, we also
compare PCDS2AW with caching strategies that support
SDN, such as SDN + BPNN (Back Propagation Network),

SDN + SVM (Support Vector Machine). BPNN is a classical
neural network that learns features through hidden layers.
SVM is a widely used classic prediction model. In these
comparative experiments, we used the same training set and
test set as PCDS2AW to train and test these models.

Figure 5 shows the CHR (cache hit ratio) comparison of
Betw, Hash, SDN, SDN+SVM, SDN+BPNN and PCDS2AW
schemes when alpha =1.2 and alpha =1.5 are used. As the
alpha value increases, the data distribution requested by the
user is more concentrated, and the probability of the data
packet hitting the cache is also improved, which shows that
the CHR in all schemes is correspondingly improved. For
Hash-LRU, all the nodes in the domain collaborate and realize
the cooperative caching of the response content. Although the
content cannot be optimized, the hit rate of the cache content
is enhanced, and the cache hit rate increases by 27.5%. As for
the Betw-LRU, the cache hit rate increases by 29.1% with the
user’s content request more centralized. In the SDN, because
SDN’s network perception function further makes full use
of the storage space of all caching nodes, increasing the
probability and utilization of caching content, CHR reaches
61.4% and 70.3%, respectively. And with the SVM to predict
the popularity, theCHRof SDN+SVM is higher 1.1% and 2.1%
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than SDN. The SDN+BPNN cache hit rate reach 64.2% and
76.4%. The PCDS2AW achieves the best than others; CHR
reaches 69.6% and 80.3%, respectively.

Figure 6 shows the effect of cache size on the cache
hit ratio. As the size of the cache space of the cache node
increases, the cache hit ratio in all cache schemes also
increases.This is because as the cache storage space increases,
the cache node can cache more data content packets, so
there is a higher probability of buffering the data packets
requested by the user. As the cache space increased from
10kb to 320kb, the cache hit rate for CEE increased from
19.9% to 32.5%; the cache hit rate of the Betw scheme
increased from 25.9% to 47.5%; Opportunistic increased
from 34.1% to 53.4%; the cache hit rate of SDN increased
from 61.4% to 79.1%; CHR of SDN+SVM increased from
62.3% to 82.4%, the SDN+BPNN increased from 63.7%
to 84.7%, and the PCDS2AW increased from 69.3% to
90.1%.

Figure 7 shows the influence of the content popularity
parameter 𝛼 on the cache hit rate in the Zipf distribution.
With the increase of content popularity, the concentration
of requests for user content is increasing. In the case of
cache space, the probability of the content in the cache is
increased and the cache hit rate is increased. In Figure 6,
cache popularity alpha increased by 1.8 from 0.5; the cache hit
rate increased from 13.30% to 89.98% for SDN cache scheme
and from 21.5% to 95.7% for PCDS2AW.

Figure 8 shows the CHR and HRR relation of PCDS2AW
with the Zipf distribution. With Zipf increase, the CHR and
HRR also increase. When cache popularity alpha equals 1.7,
the HRR reaches the maximum about 91.88%.

Computational complexity: The PCDS2AW algorithm is
mainly divided into two stages: offline feature model training
and online content popularity prediction. In the offline phase,
SSAEs feature training ismainly used to obtainmodel param-
eters. The online stage directly predicts the input value input
into the model for content popularity prediction.The predic-
tion model SSAE in this paper is three layers [300, 200, 100],
and the parameter dimension of the input layer is 1200. The
sparse parameter in ourmodel is 0.10. Because multiplication
is the most time-consuming, we only estimate the number
of the multiplications of the online prediction in our model.



Complexity 11

The number of multiplications in the prediction process is
(1200∗300+300∗200+200∗100)∗0.10=44000. In our simula-
tion, the predicted time was 0.0435 s. Therefore, the model
can meet the needs of online prediction.

5. Conclusions

This paper presents a simple frame structure of SDN/NFV
coupled with SSAEs to address the challenges of WSNs
particularly in the issues of traffic loads and congestion
management.We construct the distributed deep learning net-
work, SSAEs by SDN/NFV technical. After detail analyzes the
architecture parameters, the unsupervised trainingmethod is
used to obtain the prediction model. The experiments show
that the SSAEs can greatly improve the prediction accuracy,
and then the performance ofWSN can be improved based on
proactive caching.

In the future, we plan to combine the SSAEs with Incre-
mental Extreme LearningMachine (IELM) to online training
and update the SSAE network parameter, while the user
request dynamic changes to get data package prediction and
continues to optimize our model to get better performance.
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Traditional eye movement models are based on psychological assumptions and empirical data that are not able to simulate eye
movement on previously unseen text data. To address this problem, a new type of eye movement model is presented and tested in
this paper. In contrast to conventional psychology-based eyemovementmodels, ours is based on a recurrent neural network (RNN)
to generate a gaze point prediction sequence, by using the combination of convolutional neural networks (CNN), bidirectional
long short-term memory networks (LSTM), and conditional random fields (CRF). The model uses the eye movement data of a
reader reading some texts as training data to predict the eye movements of the same reader reading a previously unseen text.
A theoretical analysis of the model is presented to show its excellent convergence performance. Experimental results are then
presented to demonstrate that the proposed model can achieve similar prediction accuracy while requiring fewer features than
current machine learning models.

1. Introduction

Using computers to simulate humans or to reproduce certain
intelligent behaviors related to human vision is a typical
computer vision task [1], such as simulating eye movements
in reading. However, reading is complex cognitive behavior
and the underlying cognitive process occurs only in the brain
[2]. Modeling such behavior requires obtaining some explicit
indicators via such methods as eye tracking.

When reading a text, the eyes of a skilled reader do not
move continuously over the lines of text. Instead, reading
proceeds by alternating between fixations and rapid eye
movements called saccades [3]. This behavior is determined
by the physiological structure of the human retina. Most of
the optic nerve cells are concentrated in the fovea and only
when the visual image falls in this area can it be “seen”
clearly. Unfortunately, the fovea only provides about a 5-
degree field of view [4].Therefore, the reader needs to change
the fixation point through successive saccades so that the next
content falls on the fovea region of the retina. By analyzing
eye movements during reading, we can quantify the reader’s

actions andmodel for reading. Eye tracking helps researchers
to determine where and how many times subjects focus on
a certain word, along with their eye movement sequences
from one word to another [5]. Figure 1 shows an example eye
movement trajectory from an adult reader.

Models of eye movement control have been studied in
cognitive psychology [6–9]. Researchers integrated a large
amount of experimental data and proposed a variety of eye
movement models such as easy-rider (E-Z) reader [10] and
saccade generation with inhibition by foveal targets (SWIFT)
[11]. Although these eye movement models typically have
parameters that are fit to empirical data, their predictions are
rarely tested on unseen data [12]. Moreover, their predictions
are usually averaged over a group of readers, while eye
movement patterns vary significantly between individuals
[13]. Predicting the actual eye movements that an individual
will make while reading a new text is arguably a challenging
problem.

Some recent work has studied eye movement patterns
from a machine learning perspective [14–17]. These studies
were inspired by recent work in natural language processing
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Figure 1: Eye track of an adult reader. Black dots indicate the position of the gaze point, the number next to each dot indicates the duration
of each gaze point (in ms), and the arrow indicates the direction of the saccade.

(NLP) and are less tied to psychophysiological assumptions
about the mechanisms that drive eye movements. The work
presented in [14] was the first to apply machine learning
methods to simulate human eye movements. The authors
used a transformation-based model to predict word-based
fixation of unseen text. Reference [17] applied a conditional
random field (CRF) model to predict which words in a text
are fixated by a reader. However, traditional supervised learn-
ing requires more features and preprocessing of data, which
may lead to high latency in human-computer interaction
applications.

Aided by their parallel distributed processing paradigm,
neural networks have beenwidely used in pattern recognition
and language processing because of their parallel distribution
[18]. In 2010, Jiang [19] studied how to apply neural networks
to multiple fields and provided a review of the key litera-
ture on the development of neural networks in computer-
aided diagnosis. In 2011, Ren [20] proposed an improved
neural network classifier that introduced balanced learning
and optimization decisions, enabling efficient learning from
unbalanced samples. In 2012, Ren [21] proposed a new
balanced learning strategy with optimal decisionmaking that
enables effective learning from unbalanced samples and is
further used to evaluate the performance of neural networks
and support vector machines (SVMs).

In recent years, deep neural networks (DNN) have
become a popular topic in the field of machine learning.
DNN has successfully improved the recognition rate and
some excellent optimization algorithms and frameworks
have been proposed and applied. Guo (2018) proposed a
novel robust and general vector quantization (VQ) frame-
work to enhance both robustness and generalization of VQ
approaches [22]. Liu (2018) presented an efficient bidirec-
tional Gated Recurrent Unit (GRU) network to explore the
feasibility and the potential of mid-air dynamic gesture based
user identification [23]. Liu (2019) presented an end-to-end
multiscale deep encoder (convolution) network, which took
both the reconstruction of image pixels’ intensities and the
recovery of multiscale edge details into consideration under
the same framework [24]. Wu (2018) proposed an unsu-
pervised deep hashing framework and adopted an efficient
alternating approach to optimize the objective function [25].
Wu (2019) proposed a Self-Supervised Deep Multimodal

Hashing (SSDMH) method and demonstrated the superi-
ority of SSDMH over state-of-the-art cross-media hashing
approaches [26]. Luan (2018) developed a new type of deep
convolutional neural networks (DCNNs) to reinforce the
robustness of learned features against the orientation and
scale changes [27]. Besides, somemethods based on recurrent
networks have been proposed, developed, and studied for
natural language processing [28–30].

In this paper, we formalize the problem of simulating the
gaze behavior of human reading as a word-based sequence
labeling task (which is a classic NLP application). In the
proposedmethod, the eyemovement data of a reader reading
some texts is used as training data and a bidirectional Long
Short-Term Memory-Conditional Random Field (bi-LSTM-
CRF) neural network architecture is used to predict the eye
movement of the same reader reading a previously unseen
text. The model is focused on achieving similar prediction
accuracy while requiring fewer features than existing meth-
ods. However, it is worth emphasizing that in this study we
focus only onmodels of where the eyes move during reading,
andwewill not be concernedwith the temporal aspect of how
long the eyes remain stationary at fixated words.

The remainder of this paper is organized into the follow-
ing sections. Section 2 introduces the problem formulation.
Section 3 proves the convergence of the model. Section 4
describes the layers of our neural network architecture.
Section 5 discusses the training procedure and parameter
estimation. Section 6 demonstrates the superiority of the
proposed method with verification experiments. Section 7
concludes the paper with final remarks. Before ending the
current section, it is worth pointing out the main contribu-
tions of the paper as follows.

(i) This paper proposes and tests a new type of eyemove-
ment model based on recurrent neural networks,
which is quite different from previous research on eye
movement model.

(ii) The convergence of the RNN-based model for pre-
dicting eye movement of human reading is proved in
this paper.

(iii) An experiment of foveated rendering further demon-
strates the novelty and effectiveness of recurrent
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neural networks for solving the problemof simulating
the gaze behavior of human reading.

2. Problem Formulation

Experimental findings in eyemovement and reading research
suggest that eyemovements in reading are both goal-directed
and discrete [6]. This means that the saccadic system selects
visual targets on a nonrandom basis and that saccades are
directed towards particular words rather than being sent
a particular distance. Under this view, there are a number
of candidate words during any fixation, with each having
a certain probability of being selected as the target for the
subsequent saccade. For our purposes we will assume that a
probabilistic saccade model assigns a probability to fixation
sequences resulting from saccade generation over the words
in a text. Let us use the following simple representations of a
text and fixation sequence.

Let 𝑅 denote a set of readers, and text 𝑇 represent a
sequence of word tokens (text) (w1, . . . ,wn). Let 𝐹 denote
a sequence of fixation token positions in 𝑇, generated by a
reader 𝑟 (𝑟 ∈ 𝑅). The fixation token positions set 𝑆(𝐹) is the
set of token positions that removes repetitive elements from
𝐹, where 𝑆 = {S1, . . . , Sm}(1 ≤ Si ≤ n).

𝑆 (𝐹) = arg max𝑝 (𝑆 | 𝑇, 𝑟) (1)

𝑝(S | T, r) is a reader-specific distribution of eye movement
patterns given a text 𝑇. For example, the text “Kate quivered
andwent to thewindow” is represented by𝑇= (Kate, quivered,
and, went, to, the, window). A sequence of fixations in a
reader’s reading of the text which is Kate-quivered-and-went-
to-the-window is represented by 𝐹 = (1, 2, 3, 1, 2, 4, 6, 7);
and the corresponding fixation token positions set is 𝑆(𝐹) ={1, 2, 3, 4, 6, 7}.

The next object of study is the prediction of the
fixation point sequence 𝐹 based on a specific reading
event 𝐸 involving the reader 𝑅 reading the text 𝑇. The
training data consist of words and a Boolean value indi-
cating whether they are fixation words, in the form of((w1, boolFixation1),. . . , (wn, boolFixationn)).

M is a recurrent neural networks model. Given some text
as input, the purpose of this model is to generate a sequence
of fixation points that approximate human reading behavior.
We evaluate the performance of model𝑀 by comparing the
predicted fixation sequence set 𝑆

𝑀
with the actual fixation

sequence set 𝑆
𝑂
observed in a reading experiment involving

𝑅 and 𝑇. To do this, we train 𝑀 on a novel set of texts
𝑋 = {X1, . . . ,Xm} generated by a reader 𝑟 ∈ 𝑅. The goal is
to infer

𝑠∗ = arg max
𝑠∈𝑆(𝐹)

𝑝 (𝑆 | 𝑀,𝑋, 𝑟) (2)

3. Convergence Analysis

For neural networks with𝑚 hidden nodes and 𝑛 training data
samples, if the ReLU activation function is used, a previous
study in [31] has shown that, as long as 𝑚 is sufficiently
enough, the randomly initialized gradient descent algorithm

converges to the global optimal solution. In this section, by
following the gradient descent provably optimized method,
the convergence performance of our RNN-based model is
presented below.

First, we consider a recurrent neural network of the
following form:

𝑧(𝑡) = 𝑈𝑥(𝑡) + 𝑊ℎ(𝑡−1) + 𝑏 (3)

where 𝑥 is the input vector, ℎ is a hidden layer, 𝑧 is an inactive
hidden layer,𝑈 is the matrix of 𝑥(t) to ℎ(t),𝑊 is the matrix of
ℎ(t−1) to ℎ(t), and 𝑏 is the bias of the hidden layer.

Use the tanh activation function to activate all nodes of
the layer 𝑧 to the layer ℎ:

ℎ(𝑡) = 𝜙 (𝑧(𝑡)) = tanh (𝑧(𝑡)) (4)

Map the layer ℎ(t) to the layer 𝑜(t):

𝑜(𝑡) = 𝑉ℎ(𝑡) + 𝑐 (5)

where 𝑉 is the matrix of ℎ(t) to 𝑜(t). Use 𝑜(t) to derive the
predicted value 𝑦 and loss function of the model.

𝑦(𝑡) = 𝜎 (𝑜(𝑡)) = 𝑐𝑟𝑓 (o(𝑡)) (6)

𝐿 = − 𝑛∑
𝑡=1

𝐶∑
𝑘=1

𝑦𝑘(𝑡) ln (𝑦(𝑡)𝑘 ) (7)

where 𝑐𝑟𝑓 is an activation function,𝑇 is the transformmatrix
of 𝑦t−1 to 𝑦t, 𝑆 is the state matrix of 𝑦t, Z is a scaling factor,
and 𝜆 and 𝜇 are weights, which is defined as

𝑐𝑟𝑓 (𝑜 (𝑡)) = 1𝑍 (𝑜(𝑡)) exp (𝜆𝑇𝑦𝑡−1 ,𝑦𝑡𝑜(𝑡) + 𝜇𝑆𝑦𝑡𝑜(𝑡)) (8)

There are 3 parameters that need to be optimized, namely,
U, V, and W. Among them, the optimization process of the
two parameters of W and U needs to trace the historical
data, the parameter V is relatively simple and only needs the
current data, and then we will solve the partial derivative of
the parameter V first.

𝜕𝐿𝜕𝑉 = 𝑛∑
𝑡=1

𝜕𝐿(𝑡)𝜕𝑜(𝑡) ⋅ 𝜕𝑜(𝑡)𝜕𝑉(𝑡) (9)

The solution of the partial and partial derivatives of W and
U is relatively complicated because of the need to involve
historical data. Let us assume that there are only three
moments, and then the partial derivative of L toWat the third
moment is

𝜕𝐿(3)𝜕𝑊 = 𝜕𝐿(3)𝜕𝑜(3) 𝜕𝑜
(3)

𝜕ℎ(3) 𝜕ℎ
(3)

𝜕𝑊 + 𝜕𝐿(3)𝜕𝑜(3) 𝜕𝑜
(3)

𝜕ℎ(3) 𝜕ℎ
(3)

𝜕ℎ(2) 𝜕ℎ
(2)

𝜕𝑊
+ 𝜕𝐿(3)𝜕𝑜(3) 𝜕𝑜

(3)

𝜕ℎ(3) 𝜕ℎ
(3)

𝜕ℎ(2) 𝜕ℎ
(2)

𝜕ℎ(1) 𝜕ℎ
(1)

𝜕𝑊
(10)

It can be observed that, at some point, the partial derivative
of L to W needs to trace back all the information before this



4 Complexity

moment. We can write the general formula of L to the partial
derivative of W at time t according to formula (10):

𝜕𝐿(𝑡)𝜕𝑊 = 𝑡∑
𝑘=0

𝜕𝐿(𝑡)𝜕𝑜(𝑡) 𝜕𝑜
(𝑡)

𝜕ℎ(𝑡) (
𝑡∏
𝑗=𝑘+1

𝜕ℎ(𝑗)𝜕ℎ(𝑗−1)) 𝜕ℎ(𝑘)𝜕𝑊 (11)

𝑡∏
𝑗=𝑘+1

𝜕ℎ(𝑗)𝜕ℎ(𝑗−1) =
𝑡∏
𝑗=𝑘+1

𝑐𝑟𝑓 ⋅ 𝑊𝑠 (12)

To prove that the RNN-based model will converge, it is only
necessary to prove that there is an upper limit on the number
of incorrect training examples on the training data set. The
following lemmas are presented before the proof.

Lemma 1. If the training data set is linearly separable, then
there is a shortest distance from all training data points to the
distance separating the hyperplanes, denoted as 𝛾. Prove that‖𝑦(𝑘) − 𝑦‖22 ≤ (1 − 𝜂𝛾/2)𝑘‖𝑦(0) − 𝑦‖22 is established.
Proof. According to Cauchy inequality𝑤⋅𝑤𝑜𝑝𝑡 ≤ ‖𝑤‖⋅‖𝑤𝑜𝑝𝑡‖.

∵ 𝑤𝑘 = 𝑤𝑘−1 + 𝑥𝑡𝑦𝑡
∴ 𝑤𝑘 ⋅ 𝑤𝑜𝑝𝑡 = (𝑤𝑘−1 + 𝑥𝑡𝑦𝑡) 𝑤𝑜𝑝𝑡 ≥ 𝑤𝑘−1𝑤𝑜𝑝𝑡 + 𝜂𝛾

≥ 𝑤𝑘−2𝑤𝑜𝑝𝑡 + 2𝜂𝛾 ≥ ⋅ ⋅ ⋅ ≥ 𝑘𝛾
∴ 𝑦(𝑘) − 𝑦22 ≤ (1 − 𝜂𝛾/2)𝑘 𝑦(0) − 𝑦22

(13)

The proof is thus completed.

Lemma 2. Let 𝑅 = 4√𝑛‖𝑦 − 𝑦(0)‖2/√𝑚𝜆0, then the number
of misclassifications k of the algorithm on the training data set
satisfies the inequality ‖𝑦 − 𝑦(𝑘+1)‖22 ≤ (1 − 𝑘𝑅/2)‖𝑦 − 𝑦(𝑘)‖22.
Proof. At the k-th iteration, we have ‖𝑦(𝑘) − 𝑦‖22 ≤ (1 −𝜂𝛾/2)𝑘‖𝑦(0)−𝑦‖22. If k’=0,. . .,k, then we have for every 𝑟 ∈ [m]

𝑤𝑟(𝑘+1) − 𝑤𝑟(0)2 ≤ 4√𝑛 𝑦 − 𝑦(0)2√𝑚𝜆0 = 𝑅 (14)

Next, we calculate the difference in prediction between two
consecutive iterations.

𝑦(𝑘+1) − 𝑦(𝑘) = 1√𝑚
𝑚∑
𝑟=1

𝑎𝑟(𝜎(𝑤𝑟(𝑘+1)𝑇𝑥𝑖)
− 𝜎(𝑤𝑟(𝑘)𝑇𝑥𝑖)

(15)

As in the classical analysis of gradient descent, we also need
to bound the quadratic term.

𝑦(𝑘+1) − 𝑦(𝑘)22 ≤ 𝜂2 1𝑚 ( 𝑚∑
𝑟=1


𝜕𝐿 (𝑊(𝑘))

𝜕𝑤𝑟(𝑘)
2)
2

≤ 𝜂2𝑛2 𝑦 − 𝑦(𝑘)22
(16)

With these estimates, we are ready to prove the theorem.

𝑦 − 𝑦(𝑘+1)22 = 𝑦 − 𝑦(𝑘) − (𝑦(𝑘+1) − 𝑦(𝑘))22
≤ (1 − 𝜂𝜆0 + 2𝜂𝑛2𝑅 + 2𝜂𝑛3/2𝑅 + 𝜂2𝑛2) 𝑦 − 𝑦(𝑘)22
≤ (1 − 𝑘𝑅2 ) 𝑦 − 𝑦(𝑘)22

(17)

This indicates that there is an upper limit on the number
of misclassifications, and the algorithm will converge when
the final number ofmisclassifications reaches the upper limit.
So if the data is linearly separable, then the model does
converge.

4. Network Architecture

In this section, we describe a CNN-LSTM-CRF-based net-
work architecture for reading eye movement prediction,
consisting of a word embedding layer, a CNN layer, a
bidirectional LSTM layer, and a CRF layer from bottom to
top.

4.1. Word Embedding and CNN Layer. It was shown in [28]
that word embedding plays a crucial role in improving the
performance of sequence labeling. We vectorize the text
corpus by converting each text into a sequence of integers
(each integer is an index of themark in the dictionary), where
the coefficients of each mark can be based on the number of
words.

Previous studies, e.g., [32, 33], showed that convolutional
neural networks (CNNs) are effective methods for extracting
word form information from characters in a word and
encoding it into a neural representation. Our CNN is similar
to that used in [33], except that we use not only word
embedding as CNN input, but also the linguistic features of
the word.

4.2. RNN Layer. One of the key features of recurrent neural
networks (RNNs) is that they can be used to connect past
information to current tasks, such as inferring themeaning of
a current word fromprevious words. However, a RNN cannot
connect past information when the gap between the relevant
information and the current position increases.

Long Short-Term Memory (LSTM) network is a special
RNN that can learn long-term dependencies through special-
ized design. A LSTM is also a multilayered type of the neural
network, in which the single neural network layer contains
four interactive sublayers, as shown in Figure 2.

In many sequence labeling tasks, it is best to have access
to past (left) and future (right) contexts, while LSTM’s hidden
state does not get information from the future. An excellent
solution is the bidirectional LSTM (bi-LSTM) [34], whose
validity has been proven in previous studies. Therefore, we
can effectively use past features (through the forward state)
and future features (through the backward state). We use
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Figure 2: The repeating unit in LSTM networks.

backpropagation through time (BPTT) [35] to train bi-LSTM
networks, which help to process multiple sentences at the
same time.

4.3. CRF Layer. A conditional Random Fields (CRF) is a
conditional probability distribution model whose nodes can
be divided exactly into two disjoint sets X and Y, which
are the observed and output variables, respectively. Under
CRF, the inference problem for CRF is essentially the same
as for a Markova Random Field (MRF) where an input
random variable X is given, and the output Y is observed.
The output variable Y represents a saccade target (fixation)
label sequence, and the input variable X represents the word
sequence that needs to be marked or labeled. The reading
saccade target prediction problem to be solved is transformed
into a sequence labeling problem in this paper. Under the
condition that the random variable X is x, the conditional
probability for the random variable Y to be valued as y is

𝑃 (𝑦 | 𝑥) = 1𝑍 (𝑥)
⋅ exp[∑

𝑖,𝑘

𝜆𝑘𝑡𝑘 (𝑦𝑖−1, 𝑦𝑖, 𝑥, 𝑖) + ∑
𝑖,𝑙

𝜇𝑙𝑠𝑙 (𝑦𝑖, 𝑥, 𝑖)] (18)

In this expression, Z (x) is a scaling factor; tk is a transfer
feature function that depends on the current landing position
and the previous position. sl is a state feature function that
also depends on the current landing position. The value of
the feature function tk and sl is 1 or 0, which means when it
meets the feature condition, the value is 1; otherwise it is 0. 𝜆k
and 𝜇l are weights, which are obtained by training the model.
Parameter training is achieved based on a maximum likeli-
hood criterion and maximum a posteriori criterion, whose
goal is to maximize the probability of correctly marking the
target sequence in the training set.

Whether the current word (x) is a fixation word (yi)
depends not only on the feature value of the current word
(x), but also on whether the previous word is a fixation word
(yi−1). This coincides with the characteristics of the linear
chain CRF.

4.4. CNN-LSTM-CRFArchitecture. In the final stage, we built
our neural network model by feeding the output vector of
the bi-LSTM into the CRF layer. Figure 3 details our network
architecture.

5. Model Training

In this section, we provide detailed information on training
neural networks. We use the keras-contrib library [36] to
implement a neural network that contains useful extensions
to the official Keras package [37]. Model training is run on
the GeForce GTX 1070 graphical processing unit. It takes
approximately 20 min to complete the model training using
the setup discussed in this section.

5.1. Datasets. There are several eye-tracking corpora in exis-
tence. Among these, the Dundee corpus [38] is notable.
However, the Dundee corpus is not publicly available due
to licensing restrictions. Our experiments used data from
the Provo corpus [39], which is publicly accessible and
may be downloaded from the Open Science Framework at
https://osf.io/sjefs. The eye-tracking corpus has eye move-
ment data from 84 native English-speaking participants, all
of whom read the complete 55 texts for comprehension,
including online news articles, popular science magazine
articles, and public domain works of fiction. Eye movements
were documented using a SRResearch EyeLink 1000 Plus eye-
tracker with a spatial resolution of 0.01∘ and a sampling rate
of 1000 Hz (see [39] for details).

For the experiments reported here, the corpus was ran-
domly divided into three data sets in the following propor-
tions: 60% texts for training, 20% texts for development and
validation, and the last 20% texts for testing.

5.2. Features. Evidence from the psychological literature
indicates that the selection mechanism of fixation and sac-
cade is determined by the combination of low-level visual
cues (such as word length) and language cognitive factors
of the text [7, 40]. The linguistic factors known to influence
whether or not to skip words are word length, frequency,
and predictability; that is, shorter words in the text are easier
to skip than longer words. Predictability involves high-level
cognitive factors that are difficult to quantify. Thus, we use
parts of speech (POS) as a proxy to represent the high-
level cognitive factors. Words in the corpus are tagged for
parts of speech using the Constituent Likelihood Automatic
Word-Tagging System (CLAWS) [41]. Using the CLAWS tags,
words are divided into nine separate classes. The passages
contain a total of 682 nouns, 502 verbs, 364 determiners, 287
prepositions, 227 adjectives, 196 conjunctions, 169 adverbs,
109 pronouns, and 153 other words and symbols.

Ultimately, the features used by the neural network
consist of a tokenized word, word length (for low-level
visual features), and parts of speech (for high-level cognitive
features).

5.3. Training Procedure. The model used in this paper was
trained using general stochastic gradient descent (SGD),
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Figure 3: The CNN-LSTM-CRF architecture for predicting fixation in reading. The first layer is the embedding layer, which vectorizes the
text corpus by converting each text into a sequence of integers. The second layer is the CNN layer, which extracts word form information
from characters in a word and encoding it into a neural representation. The third layer is the bidirectional LSTM neural network, which can
effectively use past (left) and future (right) contexts. The fourth layer is the CRF layer, which is used for sentence-level sequence labeling.

(1) for epoch in epochs:
(2) for batch in batchs:
(3) (1) bi-LSTMmodel forward pass:
(4) forward pass for forward state LSTM
(5) forward pass for backward state LSTM
(6) (2) CRF layer forward and backward pass
(7) (3) bi-LSTMmodel backward pass:
(8) backward pass for forward state LSTM
(9) backward pass for backward state LSTM
(10) (4) update parameters

Algorithm 1: The model training procedure.

forward propagation, and backpropagation (BP) algorithms.
The training procedure is shown in Algorithm 1.

For each training sample, the algorithm first initialized
random weights and threshold parameters, then provided
relevant input examples to the input layer neurons, and
forwarded the signals layer by layer (input layer -> hidden
layer -> output layer) until the output layer produced an
output value. Then, the error of the output were calculated
according to the output value, and then the error was
reversely propagated to the neurons of the hidden layer, and
finally the weight of the connection and the threshold of
the neuron were adjusted according to the error calculated
by the hidden layer neurons. The BP algorithm continually

iteratively looped through the above steps until the conditions
of stopping training were reached.

5.4. Tuning Hyperparameters. The hyperparameters that
need to be determined include (1) word embeddings dimen-
sion, (2) word embeddings length, (3) convolution kernel
size, (4)maxpool size, (5) neuron activation function type, (6)
cost function, (7) weight initialization method, (8) number
of neurons in each hidden layer, (9) optimizer, (10) learning
rate, (11) learning epoch, and (12) batch size. Among these
hyperparameters, (1) and (2) were determined by the size of
the development set, (6), (7), and (8) were determined by
some common strategies, and (3), (4), (5), (9), (10), (11), and
(12) were determined by random search.

Since there were 1200 different words in the development
set, and each sentence contained less than 60 words, we
set the word embeddings dimension to 1200 and the word
embeddings length to 60. In the one-dimensional convolu-
tion operation, it was equivalent to the feature extraction
of n gram using neural network, so the optional parameters
were 2, 3, and 4.

To find the optima values for hyperparameters, we used
the following strategies: first, we determined the type of
activation function, and then determined the type of cost
function and the method of weight initialization. Secondly,
according to the network topology, the number of neurons
in each hidden layer in the neural network was determined.
Then, for the remaining hyperparameters, a possible value
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Table 1: Hyperparameter settings.

Layer Hyper-parameter Value Parameter Range

Embedding
output dim 32 /
input dim 1200 /
input length 60 /

CNN
kernel size 3 [2, 3, 4]

maxpool size 3 [2, 3, 4]
stride size 1 /

L-LSTM units 32 /
R-LSTM units 32 /
Time
Distributed units 50 /

Global

activation ReLU [Sigmoid, Tanh, ReLU]
cost cross entropy /

kernel initializer random normal /
optimizer SGD [SGD, AdaDelta, Adam, RMSProp]

learning rate 2.5 [0.025, 0.25, 2.5]
learning epoch 100 [50, 100, 150, 200]

batch size 16 [8, 16, 32]
validation split 0.2 /

was randomly given first. In the cost function, the existence
of the regular term was not considered first, and the learning
rate was adjusted to obtain a suitable threshold. Half of
the threshold was taken as the initial value in the process
of adjusting the learning rate. The size of the batch was
determined through experiments. Then we used the deter-
mined learning rate to carefully adjust the learning rate and
the validation data to select good regularization parameters.
After the regularization parameters were determined, we
went back and reoptimize the learning rate. The number of
epochs was determined by a whole observation through the
above experiments.

Among all the parameters, the type of neuron activation
function should be selected first. The Sigmoid, Tanh, and
ReLU functions are the most commonly used activation
functions [42], but the Sigmoid and Tanh functions will
encounter the problem of gradient disappearance, which is
not conducive to the extension of the neural network to a
deeper structure. The ReLU overcomes this problem because
it solves the problem of gradient disappearance and therefore
allows the neural network to extend to deeper layers. So we
chose the ReLU as the activation function here.

Since our task was a classification task, the cost function
that should be used in the experiment was the cross-entropy.
For an input layer with nin neurons, the initializationweight is
a Gaussian random distribution with a mean of 0 and a stan-
dard deviation of 1/√𝑛𝑖𝑛. We determined the optimizer by
random search. The super-parameters to be tuned included
SGD [42], AdaDelta [43], Adam [44], and RMSProp [45].

The adjustment steps of the learning rate were as follows:
first, we choose the estimation that the cost on the training
data immediately began to decrease rather than oscillate
or increase as the learning rate threshold, and it was not

necessary to be too precise to determine themagnitude. If the
cost began to decline in the first few rounds of training, we
gradually increased the magnitude of the learning rate. If the
cost function curve began to oscillate or increase, we tried to
reduce themagnitude until the cost fell at the beginning of the
round. Taking half of the threshold determined the learning
rate.

Table 1 summarizes the relevant hyperparameters used
in the experiments determined by the development set, the
common strategies, and the random search method. The last
column in the table is the parameter range of the random
search. In order to avoid the overfitting problem, we used a
simple dropout strategy [46] to drop 10% of the redundant
nodes.

6. Experimental Verification

6.1. Evaluation Metrics and Baselines. We followed the eval-
uation metrics and baselines in NN09 [12] and HMKA12
[17]. First, we quantified the number of words in the test
set and used the fixation word rate for each subject as a
baseline (see Table 2). Then, the accuracy of the fixation
word prediction was used as an evaluation metrics, and the
fixation/skip distribution of each word in the verification set
was predicted. The accuracy of each predicted distribution
was calculated from the distribution in the fixation data.
Finally, the accuracy of each word in the validation set was
averaged.

6.2. Result Analysis. Based on the analysis in Section 5.2, we
set up features to predict the fixation points. The examined
features can be classified into two types: low-level visual
features and high-level cognitive features. In the experiments,
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Table 2: Baseline rates for fixated words in the test data.

Subjects Sub1 Sub2 Sub3 Sub4 Sub5 Sub6 Sub7 Sub8 Sub9 Sub10
# fixated words 1,907 2,158 2,120 1,788 1,666 2,040 1,856 1,989 1,537 2,046
Rate[%] 69.52 78.67 77.29 65.18 60.74 74.37 67.66 72.51 56.03 74.59
# words in test data 2,743(100%)

Table 3: Mean accuracy and standard deviation (averaged over 100 runs) for the fixation prediction task.

Subjects Baseline[%] POS[%] WL[%] POS&WL[%]
Mean Δ std Mean Δ std Mean Δ std

Sub1 69.52 70.34 1.05 78.36 1.95 79.87 1.50
Sub2 78.67 78.91 1.10 81.39 1.53 83.87 1.80
Sub3 77.29 79.66 1.18 80.83 1.84 82.77 1.58
Sub4 65.18 68.85 1.82 76.65 2.03 78.52 2.04
Sub5 60.74 63.42 1.27 71.31 1.54 74.71 1.35
Sub6 74.37 75.21 1.12 77.63 1.50 79.29 1.05
Sub7 67.66 69.48 1.05 72.58 1.34 75.69 2.13
Sub8 72.51 73.75 1.85 76.67 2.09 78.47 1.76
Sub9 56.03 61.91 1.27 70.76 1.58 73.92 1.16
Sub10 74.59 75.79 0.96 79.09 1.40 79.91 1.72
Average 69.66 71.73 1.27 76.53 1.68 78.70 1.61

we explored the contribution of low-level visual and high-
level cognitive features individually and in combinations to
prediction accuracy.

Based on the experimental settings discussed in Section 5,
we run at least 100 times with different random initialization
of parameters. All experiments were trained using Stochastic
Gradient Descent (SGD). We reported the mean accuracy
and the standard deviation (Δ std) and thus more fully
characterize the distribution of accuracies in the predictions.

The experimental results in Table 3 show that the word
length feature (for low-level visual features, denoted by
“WL”) has an accuracy of 76.53%, while the part of speech
feature (for high-level cognitive features, denoted by “POS”)
provides less accuracy.

The achieved test performances can be plotted in a
violin plot as shown in Figure 4. The violin plot is similar
to a boxplot; however, it estimates from the samples the
probability density function and depicts it along the Y-axis. If
a violin plot is wide at a certain location, then achieving this
test performance is especially likely. Besides the probability
density it also shows the median as well as the quartiles. In
Figure 4 we can observe that theWL feature usually results in
a higher performance than the POS feature for the fixation
prediction task. Hence, we can conclude that the low-level
visual feature is a better option for this task.

We also considered combinations of the two feature types.
From the Figure 5, we can see that adding other features to the
WL feature barely contributes to an improvement in accuracy.
Additionally, the influence of the POS feature on improving
the accuracy is not obvious.Theprediction accuracy obtained
by the POS feature is similar to the baseline accuracy. These
observations seem to imply that high-level cognitive features
do not capture very much extra information when using the

features separately.Thiswould suggest that combined features
work well only in conjunction with low-level visual features.

In summary, we can draw the conclusion that the low-
level visual cues have a key impact on the selection of saccade
targets compared with the high-level cognitive factors.

The authors in [12, 17] used the Dundee corpus to train
and test their models. Owing to licensing restrictions, our
experiments are based on the data from the Provo corpus.
Because of the different experimental settings, we cannot
simply compare our experimental results with those from
[12, 17]. However, considering that we were able to obtain
similar accuracy as those using NN09 [12] or HMKA12 [17],
and, moreover, we used far fewer features and required much
less preprocessing than did NN09 or HMKA12 (see Table 4),
these results indicate that the proposed RNN-based model
performs well in simulating reading eye movements.

6.3. Application Example. Interactive graphics environments
require high refresh rates, high resolutions, and low latencies,
each of which adds computational burden on the hardware.
To address the problems, the state-of-the-art technology that
integrates with eye tracking is known as foveated rendering
[47]. Foveated rendering can make the fixation point that
the user is focusing on clearer and replaces the adjacent area
with a blurred image, which is in line with the mode of
human vision. In this way, the machine does not have to
render the entire picture in detail, which can greatly reduce
the computational burden on the GPU. However, accurate
fixation tracking systems are still expensive and can only be
accessed by a limited number of researchers or companies
[48]. Another way to compute the fixation point is to use
an eye movement model that simulates the gaze behavior of
human.
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Table 4: Comparison between E-Z Reader, NN09, HMKA12, and RNN-based models.

Parameters E-Z Reader NN09 HMKA12 RNN-based Model
# training sentences / 157.8 157.8 137.5
# training features / 8 7 2
Average fixation accuracy 57.7% 69.5% 78.601% 78.702%

Table 5: Comparison between reference latency, HMKA12 latency, and RNN-based latency.

Count of pixels Reference Latency HMKA12 Latency RNN-based Latency
Single-GPU Multi-GPU Single-GPU Multi-GPU Single-GPU Multi-GPU

32M 780 ms 577 ms 96.2 ms 74.0 ms 27.6 ms 19.7 ms
16M 532 ms 410 ms 95.6 ms 65.4 ms 27.6 ms 19.8 ms
8M 385 ms 289 ms 95.0 ms 58.6 ms 27.4 ms 16.9 ms
4M 267 ms 212 ms 94.4 ms 62.2 ms 27.4 ms 17.4 ms
2M 98.6 ms 75.4 ms 93.8 ms 63.1 ms 27.1 ms 17.6 ms
1M 90.4 ms 72.1 ms 89.9 ms 63.7 ms 27.3 ms 18.3 ms
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Figure 4: Performance on the fixation prediction task for various
subjects using the POS feature or the WL feature.

The proposed model requires a smaller number of input
features than any of the alternatives, while the prediction
accuracy is similar to that of current machine learning mod-
els. Requiring fewer features and reducing the preprocessing
of data make the proposed model attractive in a range of
human-computer application areas. For example, the latency
can be reduced in an interactive graphics environment.

We constructed an application example using the archi-
tecture proposed in [49] to demonstrate that the proposed
model can improve system performance by reducing latency.
This was accomplished by a fixation-predicting architecture
with a parallel client and server process that accesses a
shared scene graph (Figure 6). Low latency and constant
delay are ideal features of an interactive system.We examined
the latency for single- and multi-GPU fixation-predicting
implementations as well as for a standalone regular renderer
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Figure 5: Fixation prediction accuracy comparison using different
features on the validation data.

for reference with a method first documented by Steed
[50].

Table 5 lists the results obtained from the experiments
and the results show the average delay obtained in several
experiments.The reference render has amuch higher latency,
and the amount of delay depends on the number of pixels and
frame rate in the scene.When the number of pixels is reduced
to 4M or lower, the multi-GPU delay is slightly increased,
which is affected by frequent asynchronous data transmission
and context switching between threads, and a single GPU is
not affected by this. In the case of small scenes, it is best to
use direct rendering. However, when rendering is larger than
2M pixels, the fixation prediction method can significantly
reduce the delay, and the RNN-basedmodel has a lower delay.

6.4. Discussion. TheRNN-basedmodel achieves similar fixa-
tion prediction accuracy to current machine learning models
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Figure 6: Overview of the gaze point rendering application architecture (adapted from [49]).

while requiring fewer features. We believe that there are two
reasons for this. On the one hand, it uses a convolution
operation and objectively increases the number of training
samples.On the other hand, patterns of fixations and saccades
are driven in part by low-level visual cues and high-level
linguistic and cognitive processing of the text. CRF can
account for the transfer features and state features of label
sequences, in line with how humans handle low-level visual
features. A RNN is a time-recursive neural network that
can process and foresee events following particularly large
intervals and delays in a time series, in correspondence
with human handling of high-level visual features. Placing
the RNN before the CRF is equal to utilizing the language
relationships extracted by the RNN to train the CRF. The
proposed model takes advantage of the context of the text
sequence and the label sequence, which is more in line with
the reality of the reading process.

7. Conclusions

In this paper, a new type of eye movement model was
developed and evaluated in terms of its ability to simulate eye
movements of human reading. Theoretical analysis demon-
strated that the RNN-based model always converges to a
global solution. In comparison with conventional eye move-
mentmodels, the new approachwas shown to achieve similar
accuracy in predicting a user’s fixation points during reading.
In addition, the proposed model has less reliance on data
features and requires less preprocessing than currentmachine
learning models, which makes the proposed model attractive
in a range of human-computer application areas. The verifi-
cation results further demonstrate the novelty and efficacy of
RNNs for simulating eye movements of human reading.
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The task of semantic segmentation is to obtain strong pixel-level annotations for each pixel in the image. For fully supervised
semantic segmentation, the task is achieved by a segmentation model trained using pixel-level annotations. However, the pixel-
level annotation process is very expensive and time-consuming. To reduce the cost, the paper proposes a semantic candidate regions
trained extreme learning machine (ELM) method with image-level labels to achieve pixel-level labels mapping. In this work, the
paper casts the pixel mapping problem into a candidate region semantic inference problem. Specifically, after segmenting each
image into a set of superpixels, superpixels are automatically combined to achieve segmentation of candidate region according to
the number of image-level labels. Semantic inference of candidate regions is realized based on the relationship and neighborhood
rough set associated with semantic labels. Finally, the paper trains the ELM using the candidate regions of the inferred labels to
classify the test candidate regions. The experiment is verified on the MSRC dataset and PASCAL VOC 2012, which are popularly
used in semantic segmentation. The experimental results show that the proposed method outperforms several state-of-the-art
approaches for deep semantic segmentation.

1. Introduction

Image semantic segmentation is the understanding of the
semantic information contained in images. It uses the com-
puter to extract semantic information of the captured scene
from the image for understanding its contents, which can
be applied in image recognition, classification, and analysis
[1]. Semantic segmentation has been widely used in intelli-
gent robot scene understanding, automatic driving system
streetscape recognition, and medical image detection [2].
However, semantic segmentation has become one of the most
challenging computer vision tasks due to the scale, position,
illumination, and texture changes of objects in the image
[3].

Inmost cases, image semantic segmentation is established
as a fully supervised task. The fully supervised methods
require using strong pixel-level annotations, which is very
limited, expensive, and time-consuming in the labeling pro-
cess, and it is different due to the subjective understanding

of the labeling personnel [4]. However, weakly supervised
semantic segmentation only requires image labels at the
image-level, which ismuch cheaper and less time-consuming
than pixel-level annotations. Weakly supervised semantic
segmentation can be divided into three categories that
included bounding box [5], partial marking [6], and image-
level labels. At present, with the increasing popularity of
image sharing websites (for example, Flickr) and providing
a large number of user-labeled images, many studies have
focused on image-level labels for weakly supervised semantic
segmentation.

Therefore, the semantic segmentation of weakly super-
vised images based on image-level labels has gradually
increased recently. According to the different methods
of semantic label inference, the weakly supervised image
semantic segmentation can be roughly divided into clas-
sifier, multigraph model, and deep convolutional neural
network based methods. Among them, the first classifier-
based method uses the superpixels or the candidate regions
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Figure 1: Flow chart of algorithm framework.

generated by superpixel as the basic processing unit to infer
semantic label and then selects various classifier models to
learn the inferred label. The main idea is that the superpixels
or candidate regions with the same semantic label have
similar appearance [7]. However, semantic label inference
based on superpixel contains more redundant information,
which can interfere with the accuracy. Although the methods
based on candidate regions contain less redundant informa-
tion, it is difficult to completely and accurately segment the
number of image objects equaling the number of the labels by
the current image segmentation techniques. Then the based
multigraph model method uses all pixels or superpixels in
the image as graph model nodes. And graph model is estab-
lished with relationship between pixels or superpixels. But
this method calculates a one-dimensional potential energy
function for each superpixel and the algorithm complexity
is high [8]. Fortunately, sparse representation and image
hashing are powerful tools for data representation and the
combinations of these two tools for scalable image retrieval.
It is possible to replace the high-dimensional features with
a low-dimensional Hamming space with preserving the
similarity between features, which will reduce the computa-
tional complexity of the energy function, thereby reducing
the complexity of the algorithm [9–14]. In addition, the
deep convolutional neural network based method uses a
pretrained classification network to obtain objects of the
image and then fine tunes by segmentation networks and
image-level labels. The methods are sensitive to the accuracy
and dataset of the pretrained classification network. And the
classification network can only identify small and discernible
regions, which is insufficient for the inference of large-scale
image-level semantic labels [15].

Although the weakly supervised image semantic segmen-
tation based on the image-level labels is proposed constantly,
its segmentation accuracy has a large room for refinement
compared with the fully supervised image semantic seg-
mentation. The main obstacles and difficulties lie in how to
accurately implement the semantic label inference, that is, the
accurate mapping from the image-level labels to image pixel
positions. In addition, as a dense pixel-level label prediction
task, not all features are equally important and discriminative
for learning classification models [16]. Therefore, how to
construct an effective model to infer semantic labels is also
meaningful for improving the accuracy of weakly supervised
image semantic segmentation.

Under the condition of weak supervision, this paper
proposes a deep semantic segmentation using CNN and
ELMwith semantic candidate regions. The proposedmethod
uses candidate region instead of the superpixel as the basic
processing unit, and the neighborhood rough set combines
with the semantic associated relationship between image-
level labels to infer semantic label. In addition, the ELM is
trained by candidate region contained semantic information
to classify test candidate regions. The algorithm flow chart
is shown in Figure 1 and the main contributions of this
paper are as follows: (1) A method for merging superpixel
into candidate regions is proposed. The method guides
superpixel merging with the number of image-level labels as
supervised information and generates candidate region with
high precision, which can solve the problem that multiple
instances are not adjacent in an image. And merging process
can reduce complexity of subsequent processing practically.(2) An inference method of candidate region semantic label
is proposed. The method uses the neighborhood rough set
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to generate different neighborhood particles and starts from
the highest frequency semantic label to infer. Then the other
candidate regions semantic labels are inferred based on the
strongest associated relationship, which solves the problem
of semantic label mapping difficultly. (3) An ELM training
method is proposed. It uses candidate region with semantic
labels to train ELM, which can reduce the introduction of
negative sample pixels in the training data and improve
accuracy of classification.

2. Related Work

As the simplest and most effective form of weak supervision,
image-level labels are widely used in weakly supervised
image semantic segmentation. It is difficult to correspond
to image objects if only image-level labels data is used for
training, since image-level labels cannot provide accurate
information to describe boundaries and locations of objects
due to inherent ambiguity of image-level labels. According to
the different methods of semantic label inference, the paper
divides the weakly supervised image segmentation algorithm
into three categories: classifier, multigraph model, and deep
convolutional neural network based methods.

The classifier based method uses image-level labels as
supervised information and divides all pixels or superpixels
in the image contained target label into positive samples and
other negative samples without target label. Then classifier
is trained directly and the best classifier is obtained by
iteratively optimizing loss function. For example, Wei et
al. [23] trained a multilabel classification network, where
pictures are classified through the network, and finally
matched the classification information with higher confi-
dence to the original picture to obtain association between
semantic labels and locations. However, this method directly
introduces the pixel points of target image block as object
regions into many negative sample pixels, such as pixels
belonging to the background. Subsequently, Wei et al. [19, 22]
proposed a simple to complex framework (STC) in 2017,
which firstly trains an initial segmentation network using
simple images and then predicts the labels of simple images
using the network and uses these labels to enhance train-
ing semantic segmentation network. Finally, the enhanced
network is used to predict labels of more complex images
and train a better semantic segmentation network. However,
this method requires collecting a large number of simple
pictures; otherwise it is difficult to train a higher performance
initialization network and continue to improve, and it has
many training samples and long training time. Zhang et al.
[18] proposed to use the spatial sparse reconstruction method
to obtain an effective SVM classifier, which trains classifier
by training data with noise, and to use method of subspace
reconstruction to denoising and find optimal SVM classi-
fier by iterative optimization. The methods iterate between
generating temporary segmentation masks and learning with
interim supervision. These methods benefit from pixel-level
supervision; but errors easily accumulate in iterations.

The multigraph model based method uses all pixels or
superpixels in the image as graph model nodes. And graph
model is established with relationship between pixels or

superpixels. Vezhnevets et al. [8] proposed a multi-instance
learning (MIL) framework for weakly supervised images
segmentation. The algorithm regards each superpixel as an
instance; each image is represented as a series of instance
sets. Only labels of instance set are known, so image seg-
mentation is converted to instance label inference. But the
algorithm lacks the labels between superpixel pairs. In order
to solve this problem, Vezhnevets et al. [17] proposed amulti-
image model (MIM) based on the graph model and built
a common probability graph model on the training set and
test set using conditional random fields for each superpixel.
The one-dimensional potential energy function establishes
a binary potential energy function between superpixel pairs
and finally approximates parameters of conditional random
field by method of graph division. However, this method
calculates a one-dimensional potential energy function for
each superpixel and the algorithm complexity is high. In
order to enrich the description of superpixel features, Vezh-
nevets et al. [24] further proposed a series of parameterized
structuredmodels in which potential energy pairs are formed
bymultichannel visual features, and weight of each channel is
determined byminimizing to distinguish different superpixel
labels of trained segmentation model. The above graph-
based algorithm has improved segmentation performance
in weakly supervised environment, but it is limited by the
low descriptiveness of the unary or binary potential energy
function.

The method of deep convolutional neural network is
based on DCNN framework, which is trained to obtain the
object position. Oquab et al. [25] applied DCNN framework
to generate a single point to infer the location of the object,
but this method cannot detect multiple objects of same class
in an image. Pinheiro et al. [21] and Pathak et al. [20] added
segmentation constraints to final cost function to optimize
parameters of DCNN image-level labels. However, the two
methods generate coarse prediction because the algorithms
generally do not use low-level cues.

3. The Proposed Method

The paper proposes a weakly supervised image semantic
segmentation framework based on candidate regions and
ELM. The framework of the paper consists of two phases
of learning and testing. Among them, there are three basic
steps in the learning phase: (1) candidate region segmentation
using superpixel; (2) candidate region semantic inference
using semantic label association; (3) candidate regions clas-
sification using ELM. In the testing phase, the paper first
performs superpixel segmentation and merging on the test
image and then predicts the semantic label of each pixel with
the candidate region as the basic processing unit.

3.1. Segmentation of Candidate Regions Using Superpixels.
Compared with superpixels, the number of candidate regions
in the image is smaller, which is more helpful for improving
the accuracy of semantic label inference. Therefore it is
necessary to merge oversegmented superpixels to obtain
candidate regions library. In addition, the several low-level
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Input: Data set, image-level label number 𝑙.
Output: Cluster center for each target superpixel 𝐶 = {𝑐𝑖}𝑛𝑖=1, the number of target superpixels in the image 𝑛.
Step 1. SLIC superpixel segmentation,𝑋 = [𝑥1, . . . , 𝑥𝑛].
Step 2. While 𝑛 ≥ 3𝑙

(a) Extract visual features of each superpixel: LAB(3 dim), Gabor(65 dim), Sift(64 dim), Surf(64 dim);
(b) The adjacency relationship between superpixels is counted and stored in matrix 𝐷;
(c) The superpixel similarity 𝑆 is calculated according to formula (1);
(d) Combine the most similar superpixel pairs with considering the adjacency;
(e) Calculate the mean of the merged superpixel clustering centers as a new clustering center;
(f) Update 𝑛.

End
Step 3. Reclassify disconnected areas.

Algorithm 1: Superpixel merging process.

visual features are extracted to preserve the boundary infor-
mation of each superpixel as much as possible during the
merging process. Therefore the paper selects the colour,
texture, sift, and surf features representing each superpixel.
Specifically, due to the wide colour gamut of the LAB, this
paper chooses the LAB as the colour feature. And this paper
selects the Gabor filters to represent the texture feature of
each superpixel, because the Gabor filter has the capability
of dealing with spatial transformations [26].

First, the initial image is divided into superpixels based on
the simple linear iterative clustering algorithm (SLIC). And
comparedwith other superpixel segmentationmethods, SLIC
algorithm has the following advantages [27]: (a) the size of
formed superpixels is basically the same; (b) the number of
superpixels can be controlled by adjusting the parameter k;
(c) the speed is fast and boundary fit between block and target
boundary is high; d) the difference of features between pixels
within each block is small.

Then, the 196-dimensional visual features are extracted
to describe each superpixel, including colour features (3-
dimension), texture features (65-dimension), Sift features
(64-dimension), and Surf features (64-dimension). Finally,
on the basis of superpixel spatial position adjacency, the
most similar superpixels are merged by statistical superpixel
similarity, and the number of superpixels is combined to
be no more than three times of image labels, as shown in
Figure 2.

Suppose an image contains n superpixels 𝑋 = [𝑥1, . . . ,𝑥𝑛] ∈ 𝑅𝑚×𝑛, and any superpixel 𝑥𝑖 has 196 dimensional visual
features to describe, image labels 𝑦 = [𝑦1, 𝑦2, . . . , 𝑦𝑙], and l is
the number of image semantic labels. Then similarity of any
superpixels 𝑥𝑖 and 𝑥𝑗 is described as

𝑆𝑖,𝑗
= 𝑚∑
𝑖=1,𝑗=1, 𝑎𝑛𝑑 𝑖 ̸=𝑗

[𝛿1𝑑𝑖𝑗𝑙𝑎𝑏 + 𝛿2𝑑𝑡𝑒𝑥𝑖𝑗 + 𝛿3𝑑𝑠𝑖𝑓𝑡𝑖𝑗 + 𝛿4𝑑𝑠𝑢𝑟𝑓𝑖𝑗 ]
× 𝐷𝑖,𝑗

(1)

where𝛿 is weight factor of adjusting distance and satisfies 𝛿1+𝛿2+⋅ ⋅ ⋅+𝛿4 = 1;𝑑𝑙𝑎𝑏𝑖𝑗 ,𝑑𝑡𝑒𝑥𝑖𝑗 ,𝑑𝑠𝑖𝑓𝑡𝑖𝑗 ,𝑑𝑠𝑢𝑟𝑓𝑖𝑗 are the Euclideandistance
to represent the color, texture, Sift, and Surf distance of the

superpixels 𝑖 and 𝑗; 𝐷 stores adjacency relationship between
superpixels.

𝐷𝑖,𝑗 = {{{
1, if ci is adjacent to cj
0, otherwise

(2)

The specific steps of superpixel merging algorithm are as
shown in Algorithm 1.

3.2. Candidate Region Semantic Inference Using Semantic
Label Association. The inference from image-level to pixel-
level semantic label is the key of the whole weakly supervised
image semantic segmentation algorithm. In the process, the
classification of candidate regions directly affects the seman-
tic label inference results; it is necessary to extract rich visual
features. Therefore the paper adopts CNN to extract features
to ensure effective classification results. However, extracting
multilayer visual features increases the data dimension; it
will bring great difficulties to subsequent label clustering.The
neighborhood classifier [28] has an important advantage in
that it can get a subset of the features that are important for
decision making through attribute reduction; that is, it can
obtain discriminative features that are important for semantic
label inference.

As for the candidate region as the basic processing
unit, the paper regards the semantic label inference as the
most similar neighborhood particle extraction problem; the
uniqueness of the program is as follows: (1) The paper
stars inferring the semantic label from the semantic label
with the most images, as much as possible to ensure the
accuracy of prediction of the semantic labels; (2) According
to the image-level label number and the proportion of the
images corresponding to the semantic label to be inferred,
the number of candidate regions is included in each semantic
label to be inferred; (3) The inference of each semantic label
is based on semantic label association relationship, which
reduces the interference of the noise. The detailed steps are
as follows:

First, semantic labels can be represented as 𝐿 =[𝑙1, 𝑙2, . . . , 𝑙𝑘]; k is the total number of semantic labels cate-
gories. According to image-level labels, each semantic label
corresponding to the number of images is expressed as 𝑁 =



Complexity 5

Superpixel 
segmentation

original image Superpixel segmentation 
image

Superpixel 
merging

Candidate region

Figure 2: Flow chart of candidate region segmentation based on superpixel.

horse
void

mountain
boat

body
dog
cat

road
chair
book
bird
sign

flower
bicycle

car
face

water
aeroplane

sky
sheep

cow
tree

grass
building

ca
t

ca
r

sk
y

do
g

tre
e

fa
ce

co
w

bi
rd

sig
n

vo
id

bo
at

ro
ad

gr
as

s

ch
ai

r

bo
dy

bo
ok

ho
rs

e

w
at

er

sh
ee

p

flo
w

er
bi

cy
cle

bu
ild

in
g

ae
ro

pl
an

e

m
ou

nt
ai

n

0.2

0.4

0.6

0.8

1

Figure 3: Image semantic correlation intensity map.

[𝑁(𝑡), 𝑡 = 1, 2, . . . , 𝑘]. According to the relationship between
L and N, it can obtain a semantic label containing the most
images in the data set. Then the number of candidate region
set corresponding to the semantic label i can be expressed as

𝑅𝑖 = 𝑛𝑁 (𝑖) , 𝑛 ∈ 𝑅+ (3)

where 𝑛 is a proportional parameter. It depends on the multi-
ple of the number of image-level labels and the complexity
of the training set image. Therefore, the proportion of the
candidate region set corresponding to the semantic label 𝑖 in
the entire candidate region library can be expressed as

𝐹𝑖 = 𝑅 (𝑖)
∑𝑘𝑡=1 𝑅 (𝑡) (4)

Therefore, this paper obtains the range of the proportion
of candidate regions set. And the inference of the semantic
label is transformed into finding the proportion of candidate
region corresponding to the semantic label.

Second, given a set of semantic labels that need to be
associated, the semantic association relationship between
labels is obtained by calculating the semantic association
strength. And the association relationship is saved in a
diagonal relationship matrix 𝑊 expressed as

𝑊𝑘×𝑘 = {{{
𝐿 𝑖,𝑗, (𝑖 > 𝑗)
0, (𝑖 ≤ 𝑗) (5)

𝐿 𝑖,𝑗 = 𝑐𝑜𝑚𝑖,𝑗𝑐𝑜𝑓𝑖,𝑗 (6)

where 𝐿 𝑖,𝑗 is connection strength of two labels 𝑖 and 𝑗 in the
data set, 𝑐𝑜𝑚𝑖,𝑗 is frequency of simultaneous occurrence of
labels 𝑖 and 𝑗, and 𝑐𝑜𝑓𝑖,𝑗 is frequency of any one occurrence
of labels 𝑖 and 𝑗. Semantic association strength is shown
in Figure 3. The color from blue to red indicates that
association strength is fromweak to strong in the figure. And
image semantic self-association is the strongest degree that is
expressed as red.

As can be seen from Equation (4) and (5), this paper
encourages inference from semantic labels that appear simul-
taneously in multiple images. Then the sematic labels are
inferred from the strongest association. According to the
semantic label association relationship and its corresponding
semantic label, the proportion of the semantic label can be
obtained.

In order to fully extract the features of each candidate
region in the candidate region library, the paper adopts
CNN to extract features. And the CNN network structure
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Table 1: Network structure of CNN.

structure input operate output
convolution Nonlinear mapping Pooling

Conv1 27×27×3 64×3×3 ×3 stride 1 ReLU 27×27×64
Conv2 27×27×64 256×5×5×64 stride 1 ReLU 2×2 pool 13×13×256
Conv3 13×13×256 256×3×3×256 stride 1 ReLU 13×13×256
Conv4 13×13×256 256×3×3×256 stride 1 ReLU 13×13×256
Conv5 13×13×256 512×3×3×256 stride 1 ReLU 2×2 pool 6×6×512
Fc6 6×6×512 4096 ReLU 4096
Fc7 4096 4096 ReLU 4096
Fc8 1000 1000 1000

is shown in Table 1. It consists of five convolutional layers
(cov1∼cov5) and three fully connected layers (fc6∼fc8). In this
paper, five convolutional layers and two full convolutional
layers are used for learning. After cov2 and cov5 convolution
operations, the max pooling method is used to operate, and
finally 4096-dimensional feature vector of fc7 layer is used
as an image feature vector output. For CNN input data
preparation phase, the sample patch uses an image block of
27×27 pixels in size, and the sampling center is candidate
region center. For CNN output, feature extraction model
chooses directly to use 4096-dimensional feature vector of fc7
layer as visual feature of candidate region.

According to the feature vector of the candidate region,
we construct an information table 𝐼𝑆 = ⟨𝑈,𝐶, 𝑉, 𝑓⟩, where
the sample set of candidate regions 𝑈 = {𝑥1, 𝑥2, . . . , 𝑥𝑘},
which is described by a series of features. Where 𝑘 is the
number of candidate regions in the candidate region library,𝐶 is feature set describing𝑈,𝑉 is a set of attribute values, and𝑓 is information function. And the neighborhood particles𝛿(𝑥𝑖) of each candidate region are constructed:

𝐹𝑥𝑖 = 𝛿 (𝑥𝑖)𝑈 (7)

𝛿 (𝑥𝑖) = {𝑥𝑗 | 𝑥𝑗 ∈ 𝑈,Δ (𝑥𝑖, 𝑥𝑗) ≤ 𝛿} (8)

Δ(𝑥𝑖, 𝑥𝑗) = ( 𝑚∑
𝑖=1

𝑓 (𝑥𝐼, 𝐶) − 𝑓 (𝑥𝐽, 𝐶)𝑃)
1/𝑃

(9)

where𝛿 ≥ 0; 𝛿(𝑥𝑖) is called generated neighborhood informa-
tion particle, which determines the size of the neighborhood
particle. 𝑃 is the norm, Δ is called the similarity measure, and𝑚 is dimension of attribute matrix 𝑉. According to nature of
metric, it can be known that

𝛿 (𝑥𝑖) ̸= ⌀ (10)

𝑘∑
𝑖=1

𝛿 (𝑥𝑖) = 𝑈 (11)

If the size of the neighborhood particle is fixed, the neigh-
borhood particle with the most similar candidate regions
can be obtained. And 𝑓𝑖 can determine the size of the
neighborhood particle.Then the paper can get neighborhood
thresholds 𝛿 = {𝛿1, 𝛿2, . . . , 𝛿𝑘} and get the smallest threshold

𝛿V = min(𝛿). Therefore, the candidate regions corresponding
to the most similar neighborhood particles with the mini-
mum threshold are determined.

Finally, the paper obtains the candidate region corre-
sponding to the semantic label to be inferred and its neigh-
boring particles and completes the inference of the semantic
label. After that, the inferred candidate region is removed
from the candidate region library, iterating until all inferences
of the rest of semantic labels are completed.

3.3. Candidate Regions Classification Using ELM. After com-
pleting the inference of all semantic labels, the paper selects
the ELM to learn the inferred candidate regions. The main
reason is that ELM is a new type of fast machine learning
algorithm, which is a supervised algorithm based on single
hidden layer feed forward neural network [29]. In addition,
ELM trains parameters without iterating, which can improve
algorithm efficiency.

First, the ELM is trained based on candidate regions
with semantic labels and get trained ELM to classify in
the training stage. And the candidate region is still used
as the basic processing unit of semantic label prediction.
The reason is that the candidate region is well close to the
boundary of the target and is not susceptible to noise. In
order to obtain the candidate regions corresponding to the
test images, the paper first performs superpixel segmenta-
tion and superpixel merging to generate candidate regions
under the same parameter setting and implementation steps.
Then 4096-dimensional features are extracted on the can-
didate regions corresponding to the test images to ensure
the consistency between the testing stage and the training
stage.

After that, given an image candidate region 𝑥𝑖 ={𝑥1, 𝑥2, . . . , 𝑥𝑙} in the ELM testing stage, 𝑙 is the number of
the test candidate regions. The candidate region is directly
used as the input of the ELM; then the semantic label
is predicted by the ELM. The specific steps of the ELM
classification algorithm are shown in Algorithm 2.

4. Experiment

4.1. Dataset and Evaluation. The performance of our algo-
rithm was evaluated on the MSRC [30] dataset, which
has 591 images, including natural scenes (such as trees),
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Input: Given 𝑁 training samples (𝑥𝑖, 𝑦𝑖), 𝑖 = 1, 2, . . . ,𝑁; The number of semantic label categories 𝑘;
Activation function 𝑔(𝑥); The number of hidden layer nodes is l 𝑙, Test sample 𝑥.

Output: Predicted result 𝑦.
Step 1. Initialize the weight and bias between the input layer and the hidden layer, Randomly set

the value of 𝑤 and 𝑏, given the value of 𝑙.
Step 2. Select the activation function of the hidden layer 𝑔(𝑥) and calculating the output matrix𝐻.
Step 3. Calculate the output weight of the network 𝛽: 𝛽 = 𝐻𝑇𝑇 (where𝐻𝑇 is the transpose of 𝐻).
Step 4. The output weights of the test samples 𝑥: 𝑂𝑖 = 𝐻(𝑤1, . . . , 𝑤𝑙, 𝑥, 𝑏1, . . . , 𝑏𝑙)𝛽.
Step 5. the output of the predicted result 𝑦: 𝑦 = 𝑙𝑎𝑏𝑒𝑙(𝑥) = argmax(𝑂𝑖), (1 ≤ 𝑖 ≤ 𝑘).

Algorithm 2: ELM classification algorithm.

structured scenes (such as buildings and roads), and other
structures scenes.The dataset provides pixel-level annotation
semantic images, and all images corresponding to pixel-level
annotations maps are 213×320 pixels in size. And the scene
contains a total of 23 semantic categories of objects. The same
rules are followed in use of dataset, ignoring the classes of the
horse and mountain image type. This article uses 276 images
for training and 256 images for testing.

In addition, our method is also evaluated on the PASCAL
VOC2012 segmentation benchmark dataset [31], which is one
of the most widely used benchmark datasets for semantic
segmentation. It contains one background category and 20
object categories. It consists of three parts: training set (1464
images), validation set (1449 images), and test set (1456
images). In our experiments, our work is also based on the
training images (10582 images) amplified by Harry Harlan et
al. [32] as a training set, which provides image-level labels for
training.

In this paper, evaluation index selects pixel accuracy (PA),
mean pixel accuracy (MPA), and mean intersection over
union (mIoU). Calculation formula is as follows:

𝑃𝐴 = ∑𝑖 𝑛𝑖𝑖∑𝑖 𝑡𝑖 (12)

𝑀𝑃𝐴 = 1𝑛𝑐𝑙∑𝑖
𝑛𝑖𝑖𝑡𝑖 (13)

𝑚𝐼𝑜𝑈 = 1𝑛𝑐𝑙∑𝑖
𝑛𝑖𝑖(𝑡𝑖 + ∑𝑗 𝑛𝑗𝑖 − 𝑛𝑖𝑖) (14)

where 𝑛𝑐𝑙 is the number of categories included in true value,𝑛𝑗𝑖 is the pixel of category 𝑖 divided into category 𝑗, and 𝑡𝑖 is
the total number of pixels of category 𝑖 in ground truth.

4.2. Parameter Settings. Theparameter setting of CNNmodel
is given as follows. The learning rate was set to 0.001, and
the performance of three CNN visual features in image clus-
tering is analyzed and compared. The last 3 fully connected
extracted visual characteristics of candidate regions, whose
outputs are 4096, 4096, and 1000, respectively, are considered
feature representations of image. Figure 4 shows comparison
of three visual features on MSRC dataset. It can be seen that
visual features are selected as output of fc7 layer for image
clustering, whose precision is the highest.

The parameter setting of ELM algorithm is given as
follows. When designing ELM, the cross-validation method
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is generally used to determine optimal hidden layer node
number L within preset range of K value. The simulation
is performed on MSRC-21 data. It is assumed that L is
increasing from 1 to 200, and classification accuracy of test
set is sequentially obtained as shown in Figure 5. It can be
seen fromFigure 5 thatwhenL value reaches 64, test accuracy
is the highest. However, with L value continuing to increase,
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Image PredictionGround truth Image PredictionGround truth

Figure 6: Examples of predicted segmentations (the left are the examples of MSRC and the right are the examples of PASCAL VOC 2012
dataset).

themeasurement accuracy of ELM is generally decreasing. So
when 60≤L≤68, ELM has a good test accuracy.

4.3. Experimental Results. In order to evaluate the perfor-
mance of the proposed weakly supervised image semantic
segmentation method, the experiments were compared with
the current weakly supervised image semantic segmentation
algorithm on the MSRC-21 dataset and PASCAL VOC 2012
dataset. These comparison algorithms include STC [19],
AE [22], SR [18], MIM [17], MIL+ILP+SP-sppxly [21], and
CCNN [20], and these weakly supervised image semantic
segmentation comparison algorithms are based on image-
level labels.

First, the IoU of per-image label and the average IoU
(mIoU) of all image labels are as in Tables 2 and 3, respec-
tively, for the proposed method and the current weakly
supervised image semantic segmentation algorithm on the
MSRC-21 dataset and the PASCAL VOC 2012 dataset. And
each column represents different algorithm accuracy of each
semantic class on MSRC-21 and PASCAL VOC 2012 dataset,
and the last column is average accuracy of all classes. The
bold values in the table represent the best segmentation
performance.

As shown in Tables 2 and 3, the proposed algorithm
obtains comparable and competitive results on the IoU of
per-image label and the average IoU (mIoU) of all semantic
labels compared with the existing image-level labels weakly
supervised image semantic segmentation algorithm method.
Although the IoU on some semantic classes is lower than
the compared algorithm on the MSCR and the PASCAL
VOC 2012 validation set, the proposed algorithm achieves

the best segmentation performance on themIoU. In addition,
the segmentation accuracy for the weakly supervised image
semantic segmentation algorithm on the MSRC dataset is
significantly higher than that of the PASCAL VOC 2012
dataset. The reason is that the images on the PASCAL VOC
2012 dataset contain more complex objects and backgrounds
than the images on theMSRCdataset. Althoughmanyweakly
supervised image semantic segmentation algorithms have
been proposed, the segmentation accuracy of each semantic
class on the entire dataset still has a relatively large room for
improvement.

Then, in order to more intuitively display the segmenta-
tion performance of the proposed algorithm, somequalitative
segmentation examples of MSRC and PASCAL VOC 2012
dataset are given.The specific segmentation results are shown
in Figure 6.

As shown in Figure 6, the weakly supervised deep seman-
tic segmentation using CNN and ELM with semantic candi-
date regions can achieve better segmentation performance.
Moreover, the segmentation result based on the candidate
region level can retain the edge information of the object in
the image. However, the proposed method relies on semantic
label inference and classifier learning at the candidate region
level for an object that contains multiple regions with large
contrast, which may be misclassified.

5. Conclusions

In this paper, a weakly supervised semantic segmentation
method using ELM with semantic candidate regions is
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proposed. By merging superpixels into candidate regions
instead of using a large number of superpixels in an image, the
semantic associated relationship and neighborhood rough
set are effectively combined to solve the difficulty of map-
ping from semantic labels into image objects. The image
semantic labels quantity information is used as a condition
to terminate superpixel merging, which avoids problem of
manually set parameters and hence helps to solve the problem
of nonadjacent multiple instances. The candidate regions
are classified based on neighborhood rough set, where the
candidate regions are inferred by using semantic associated
relationship. As a result, more reliable candidate region
semantic labels can be obtained to improve the classification
accuracy. Future works can be extended to combine saliency
detection [33, 34] and heuristic optimization in a data fusion
framework [35–38].
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Visual SLAM techniques have proven to be effective methods for estimating robust position and attitude in the field of robotics.
However, currentmonocular SLAM algorithms cannot guarantee timeliness of system startup due to the problematic initialization
time and the low success rates.This paper introduces a rectilinear platform motion hypothesis and thereby converts the estimation
problem into a verification problem to achieve fast monocular SLAM initialization. The proposed method is simulation tested on
a fixed-wing UAV. Tests show that the proposed method can produce faster initialization of visual SLAM and that the advantages
are more profound on systems with sparse image features.

1. Introduction

In recent years, with the application of Graph-based Opti-
mization [1] and Bundle Adjustment (BA) [2] in Visual
Simultaneous Localization and Mapping (vSLAM) and the
emergence of excellent open-source libraries [3, 4], vSLAM
systems are increasingly used in autonomous motion plat-
forms. Exceptional open-source vSLAM systems also help
popularize vSLAM techniques. Presently, vSLAM systems
have been applied to UAV autonomous navigation [5, 6]
and obstacle avoidance [7, 8] problems in GPS-denied envi-
ronments. However, current vSLAM systems usually take a
long time to initialize [9], posing difficulties for real-world
engineering problems.

Currently, there exist many powerful vSLAM methods,
such as PTAM [10], ORB-SLAM [11, 12] SVO [13, 14], and
semidirect LSD-SLAM [15] and DSO [16].Their initialization
methods are summarized in Table 1.

Generally speaking, feature-based vSLAM techniques
rely on epipolar geometry constraints or homography con-
straints [17]; they obtain the R and t corresponding to the
minimum Reprojection Error with RANSAC or Least
Squares methods. As for direct methods, they are usually
initialized through randomized approaches, as exact point-
to-point mappings cannot be obtained directly, leading to
noncomputable R and t.

As can be seen from the above method, most of the
classical monocular vision SLAM method does not consider
the motion characteristics of the platform during the ini-
tialization phase. However, the basic equations of the SLAM
system are composed of equations of motion and observation
equations. Most of the current research focuses on the
observation equations.This paper believes that the reasonable
introduction of motion hypothesis can effectively improve
the robustness of observations, especially in the initialization
phase.

PTAM’s initialization works with the hypothesis that
captured images are mainly composed of flat surfaces; initial
camera motion R and t are then computed with homography
matrix (H) accordingly. ORB-SLAM algorithms are effec-
tive extensions of PTAM that compute computing essential
matrix (E) and H simultaneously; the final initialization
method is then selected by comparing the respective scores.
LSD-SLAM and DSO, as direct methods, cannot compute
R and t through Reprojection. Therefore, they initialize
through random variables. When camera motions cover
enough distance, initialization will be effectuated by locking
into specific depths. SVO’s initialization is similar to that of
PTAM, except that SVO integrates an additional assumption
that the motion direction is perpendicular to the pho-
tographed plane, as SVO is originally designed for rotor UAV
use.

Hindawi
Complexity
Volume 2019, Article ID 8176489, 11 pages
https://doi.org/10.1155/2019/8176489

http://orcid.org/0000-0002-3206-9710
http://orcid.org/0000-0003-3461-1478
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/8176489


2 Complexity

Table 1: Summary of initialization methods.

Method Initialization Main Approach Category
1 PTAM H Feature-based SLAM
2 ORB-SLAM H+E Feature-based SLAM
3 LSD-SLAM Rand Direct SLAM
4 DSO Rand Direct VO
5 SVO H Feature-based+Direct VO

2D to 2D

Initialization
process

Frame I
(Init and Key

Frame)

Frame T

Key Pointsof Frame I

Key Points(2D) with
Corresponding Map point

Map Points

E or H

Rand t Rand t Rand t

Frame 1

Co-keypoints

Frame n

Co-keypoints

n

Key Pointsof Frame n

Figure 1: Classic feature-based initialization workflows.

These five classic methods are renowned in the field
of monocular SLAM/VO, each possessing unique strengths.
They have been successfully applied in their respective envi-
ronments with satisfactory performance. The initialization
workflows of the feature-based algorithms are summarized
in Figure 1.

Theoretically, the initialization process depicted herein
can initialize any movement except pure rotation. Firstly,
corresponding points from separate frames are identified
through feature-based or optical flow methods. These point
mappings are then utilized along with monocular-camera
imaging characteristics in computingH orE under the epipo-
lar geometry frame. H or E is then decomposed to produce
R, t, and finally the initial map points with the additional
assumption that the mapped points contain no actual move-
ment. This concludes the traditional initialization process,
where the frames can be adjacent or nonadjacent, and the
decomposition utilizes RANSAC, Eight-Point Method, or

Bundle Adjustment. Subsequent processes will use the initial
R, t and map points (3D) for the chain processes maintaining
the monocular SLAM system. Due to the scale uncertainty of
the monocular visual SLAM system, no initialization method
can produce real-world distance of the map points; the
dimensionless depths are provided instead. The initial map
points (3D) play an important role for subsequent frames.The
indirect 3Dto2D correspondences between pixel points and
map points (3D), together with the geocalculated DLT/P3P
[18]/EPnP [19]/UPnP [20] or the optimized BA, are used to
determine the subsequent frames’ positions and orientations
relative to the preceding key frame. Frame I is an initialization
frame as well as a key frame. As the camera moves on, the
number of indirect 3Dto2D correspondences that can be
establishedwill gradually decrease, leading to probable failure
of the aforementioned chain processes. It is then necessary
to consider inserting new key frames to replenish the map
points (3D) needed for the chain processes. Complete SLAM
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Compute co-keypoints
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Figure 2: Proposed method flowchart.

algorithms also involve another important process termed
loop closure, which will not be discussed further, as it is not
much related to the present paper.

It can be seen from above that the E or H is obtained
from point correspondences is the initial enabler of the entire
monocular SLAM system. However, when point correspon-
dences are insufficient or too inaccurate, the obtained E or
H may contain large errors, affecting the accuracy of the
map points (3D), and thus compromising the subsequent
processes. Current methods are based on limited errors
of R and t. Therefore, the actual implementations contain
much strict computation on E or H, leading to low success
rates in many cases. When the monocular SLAM systems
are applied to fixed-wing unmanned aerial vehicles (UAVs),
the initialization success rates are even more worrying
[5, 6].

In this paper, we add a generalized motion characteristic
hypothesis in the initialization process to transform the
solution of camera motion R and t into the error elimination
problem during the initialization process. In this way, the
success rate of initialization is increased. In view of the
error caused by the hypothesis, this paper reduces the error
by multiframe optimization method, thus improving the
accuracy of the initialization process.

1.1. Contribution. Firstly, this paper proposes the platform
motion characteristics, which represents the motion state
of the platform in most of the time. Secondly, this paper
introduces the platform motion characteristics into the ini-
tialization phase of monocular vision SLAM and avoids
the solution of the essential matrix and the homography
matrix by optimization. Finally, this paper uses the sub-
sequent BA to convert the initialization from a transient

process to a convergent process of several consecutive
frames.

2. Monocular SLAM Initialization
Method Based on Platform Motion
Characteristics and Optimization

2.1. Overview. The present paper proposes a monocular
SLAM initialization method based on platform motion char-
acteristics and optimization, the flowchart of which is shown
in Figure 2.

The proposed method contains an offline process and
an online process. In the offline process, initial motions R
and t are computed with platform motion characteristics of
the camera installation mode. In the online process, firstly,
a set of Frame I and Frame T are used to detect and match
the feature points, and then initial map points are generated
under the initial motion hypothesis, whose initial errors
are eliminated by Init BA. Finally, the subsequent BA is
performed with the matched feature points of Frame I and
Frame n, further reducing the errors of R, t, and the map
points. The initialization is considered to have succeeded
when the errors converge.

2.2. Initial Motion Hypothesis Combining Platform Motion
Characteristics and Camera Installation. The proposed
method utilizes an initial motion hypothesis to initialize the
system. Cars on ground generally run along straight lines,
while aerial vehicles usually fly at a fixed angle of attack. This
is a very broad description, as ground vehicles may turn,
and aircraft may roll. General motion characteristics can be
expressed with
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Require: Frame I:Initialization Frame
Frame T:Target Frame𝑇𝑚𝑐:Camera Motion Hypothesis

Ensure: Initialized Map PointsX𝑖𝑛𝑖𝑡,R𝑖𝑛𝑖𝑡,t𝑖𝑛𝑖𝑡(1) Perform feature point matching for Frame I and Frame T, resulting in matched points xI and xT.(2) Triangulate xI and xT using hypothesis 𝑇𝑚𝑐 to generate map points X𝑖𝑛𝑖𝑡(3)Optimize X𝑖𝑛𝑖𝑡, R𝑖𝑛𝑖𝑡, t𝑖𝑛𝑖𝑡 with Init BA and update accordingly.(4) return X𝑖𝑛𝑖𝑡 R𝑖𝑛𝑖𝑡 t𝑖𝑛𝑖𝑡

Algorithm 1: Monocular SLAM initialization with initial motion hypothesis.

𝑇𝑚 = [𝑅𝑚 𝑡𝑚0 1 ] = [[[[[
[

cos 𝜃𝑚 cos 𝜙𝑚 sin𝜓𝑚 sin 𝜃𝑚 cos𝜙𝑚 − cos𝜓𝑚 sin 𝜙𝑚 cos𝜓𝑚 sin 𝜃𝑚 cos 𝜙𝑚 + sin𝜓𝑚 sin 𝜙𝑚 𝑥𝑚
cos 𝜃𝑚 sin 𝜙𝑚 sin𝜓𝑚 sin 𝜃𝑚 sin 𝜙𝑚 + cos𝜓𝑚 cos 𝜙𝑚 cos𝜓𝑚 sin 𝜃𝑚 sin 𝜙𝑚 − sin𝜓𝑚 cos𝜙𝑚 𝑦𝑚− sin 𝜃𝑚 sin 𝜙𝑚 cos 𝜃𝑚 cos𝜓𝑚 cos 𝜃𝑚 𝑧𝑚0 0 0 1

]]]]]
]

(1)

Equation (1) is a 6-DOF rectilinear description of any
motion platform. For the monocular vSLAM initialization,
the rectilinear hypothesis of the platform motion needs to be
expressed in the coordinate system of the camera.The require
conversion is derived from the mounting characteristics of
the camera and is expressed with

𝑇𝑚𝑐 = 𝑇𝑚𝑇V𝑐 (2)

𝑇V𝑐 in (2) is the transformation matrix of the camera coordi-
nate system with respect to the platform coordinate system.
This matrix can be obtained from the camera installation
characteristic. A general form of 𝑇V𝑐 is given in

𝑇V𝑐 = [𝑅V𝑐 𝑡V𝑐0 1 ] (3)

Substitute 𝑇𝑚 and 𝑇V𝑐 in (2) by (1) and (3), respectively, the
camera motion model under the aforementioned rectilinear
hypothesis is obtained.

𝑇𝑚𝑐 = [𝑅𝑚𝑅V𝑐 𝑅𝑚𝑡V𝑐 + 𝑡𝑚0 1 ] = [𝑅𝑚𝑐 𝑡𝑚𝑐0 1 ] (4)

2.3. Monocular SLAM Initialization with Initial Motion
Hypothesis. The established camera motion model is then
used in the implementation of the passive initialization
process. In conventional initialization methods, R and t are
obtained from the decomposing of the strictly computed E or
H. The proposed method replaces the decomposition results
R and twith R𝑚𝑐 and t𝑚𝑐 and thereby triangulates the feature
points to obtain the map points and finally utilizes Init BA to
reduce the errors (Algorithm 1).

The Init BA mentioned above minimalizes the Repro-
jection Error for the feature points of Frame I and Frame
T. Let 𝑥𝑛1 ∈ R2 and 𝑥𝑛2 ∈ R2 be the coordinates of the

matched feature points in Frame I and Frame T, respectively.
The previously established T𝑐𝑚 is used to triangulate 𝑥𝑛1 and𝑥𝑛2 to obtain map points 𝑋𝑛𝑚 ∈ R3.

[−I 𝑥1 0 0
0 0 −I 𝑥2](

𝐾 [I 0]
𝐾 [Rmc tmc] )(𝑋𝑚1 ) = 0 (5)

T𝑐𝑚 introduces the rectilinear hypothesis; therefore, it is nec-
essary to restrain the errors in the map points’ coordinates.

{X𝑖𝑛𝑖𝑡,R𝑖𝑛𝑖𝑡, t𝑖𝑛𝑖𝑡} = argmin
X𝑚,R𝑐𝑚 ,t𝑐𝑚

𝑁∑
𝑗=1

(
1
𝜆𝑗1𝐾𝑋

𝑗
𝑚 − [𝑥𝑗1, 1]𝑇


2

+ | 1
𝜆𝑗2𝐾(𝑅𝑐𝑚𝑋𝑗𝑚 + 𝑡𝑐𝑚) − [𝑥𝑗2, 1]𝑇

2)
(6)

The map points can be optimized once by (6), which reduces
the error caused by the hypotheticalmodel. Due to the quality
of feature pointmatching, only Init BA cannot make the error
of X, R, and t small enough, so the method introduces the
subsequent BA to further reduce the error.

Equation (6) describes the Init BA optimization of the
map points. Due to the quality of the matched feature points,
Init BA alone cannot reduce the errors of X, R, and t
to an acceptable margin. The propose method utilizes the
subsequent BA to further reduce the errors.

2.4. Error Reduction with Subsequent BA. Limited by the
number and distribution of matching feature points, the
errors contained in X𝑖𝑖𝑛𝑖𝑡, R𝑖𝑛𝑖𝑡, and t𝑖𝑛𝑖𝑡 cannot be evaluated,
so this paper introduces subsequent BA to achieve further
error suppression and initialization accuracy evaluation. The
main idea of subsequent BA is to optimize X, Rinit, and
tinit with each subsequent frame and then decide whether
to continue the subsequent optimization by judging its
convergence (Algorithm 2).
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Require: Frame I: Initialization Frame
Frame n: Subsequent Frame
xI: Feature points of Frame I
x1, x2 . . . xn−1: Feature points of previous frames corresponding to xI
R1,R2 . . .R𝑛−1: Optimized rotation matrices of previous frames
t1, t2 . . . t𝑛−1: Optimized translation vectors of previous frames
X𝑖𝑛𝑖𝑡: Initialized Map Points

Ensure:Map points X𝑖𝑛𝑖𝑡 R𝑛 t𝑛 and Initialization Evaluator V.(1) Extract feature points of Frame n and match with xI to obtain matched feature points xn.(2)Optimize the Reprojection Error with Subsequent BA and thereby obtain optimized X𝑖𝑛𝑖𝑡, R𝑛, t𝑛.(3) Calculate current evaluator value V𝑛.(4) if V𝑛 ≈ V𝑛−1 then(5) Stop iteration, and return X𝑖𝑛𝑖𝑡, R𝑛, t𝑛 as initialization results.(6) end if(7) if 𝑛 is too big then(8) Stop iteration, and report failure of initialization.(9) end if

Algorithm 2: Error reduction with subsequent BA.

Error Reduction Process

Map Points

Subsequent BA to
reduce error of Map

-Points

co-keypoints of
Frame I

and Frame n

Use DLT to get R, t
of Frame I

and Frame n

Figure 3: Error reduction process.

The errors contained in X𝑖𝑖𝑛𝑖𝑡, R𝑖𝑛𝑖𝑡, and t𝑖𝑛𝑖𝑡 cannot be
evaluated through Init BA, due to the scale and distribution of
thematched feature points. Subsequent BA is thus utilized for
initial error evaluation and further error reduction. Themain
idea of subsequent BA is to optimize X𝑖𝑖𝑛𝑖𝑡, R𝑖𝑛𝑖𝑡, and t𝑖𝑛𝑖𝑡 with
each subsequent frame. Convergence evaluation is performed
to determine when to stop the subsequent optimization.

For each frame of the subsequent input, the coordinate𝑋𝑖𝑛𝑖𝑡 of the map points is optimized as shown in the process
of Figure 3. When it converges, the error elimination process
is considered to be ended, and the subsequent BA process in
the figure is as shown in (7).

For each subsequent frame, 𝑋𝑖𝑛𝑖𝑡 is optimized with the
error reduction process shown in Figure 3 and

{X𝑖,R𝑙, t𝑙 | X𝑖 ∈ X𝑖𝑛𝑖𝑡, 𝑙 ∈ N𝑓}
= argmin

X𝑖,R𝑙,t𝑙
∑
𝑘∈N𝑓

∑
𝑗∈X𝑖𝑛𝑖𝑡

𝜌 (𝐸 (𝑘, 𝑗))
𝐸 (𝑘, 𝑗) = x𝑗 − 𝑝 (R𝑘X𝑗 + t𝑘)22

(7)

Data and Image
recoder

Figure 4: Simulation system.

It can be seen from (7) that the scale of optimization gets
larger with continuous input of subsequent frames, which
ensures to some extent the reliability of the optimized results.
The optimized map points are viewed as initialization results,
providing input for subsequent chain processes. The quality
of initialization is evaluated with

V = E𝑜

Eo = {𝑒 < E𝑎𝑙𝑙 | 𝑒 ∈ E𝑎𝑙𝑙} (8)

where E𝑎𝑙𝑙 is the sum of the Reprojection Errors of all map
points in all frames participating in the optimization.

3. Simulation

3.1. Simulation System. In order to better reproduce vehi-
cle motion characteristics, the present study builds a
hardware-in-the-loop (HIL) simulation system, as illustrated
in Figure 4. It consists of four parts, namely, the Xplane10
flight simulation software, the Pixhawk2 flight controller, the
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Table 2: Self-evaluation performance indicators.

Indicator Name Unit Alias
1 Number of Convergence Frames frame NCF
2 Initial Error deg IE
3 Convergence Error deg CE
4 Average Number of Convergence Frames frame ANCF
5 Average Initial Error deg AIE
6 Average Convergence Error deg ACE

Table 3: Comparative-evaluation performance indicators.

Indicator Name Unit Alias
1 Success Rate of Initialization percentage SRI
2 Average Error of Initialization deg AEI

QGroundControl software, and the data logger. Xplane10 and
QGroundControl run on PC (CPU: Intel i7-7700K 4.20GHz,
graphics card: NVidia GTX 1080 8G, memory: 32GB). The
Pixhawk2 controller is linked to PC via a USB port.

Xplane10 plays the most important role in the entire
simulation system, providing aircraft models and simulation
images. The Pixhawk2 controller performs autonomous con-
trol of the fixed-wing aircraft in Xplane10, with QGround-
Control acting as the data relay. Specifically, Xplane10 sends
the aircraft states to QGroundControl through local loop-
back UDP; QGroundControl forwards the aircraft data to
Pixhawk2 via the USB port using the Mavlink protocol;
Pixhawk2 sends out the control commands through the same
protocols. The data logger records the uplink-downlink data
through UDP and the first-person view (FPV) simulation
images through the video capture card.

Data transmitted in the simulation system can be roughly
classified as periodic data and sporadic data. Periodic data
includes the control commands and the aircraft states. Spo-
radic data includes the start signal, the waypoint-planning
instruction, etc. Through meticulous testing, the frequency
of the periodic commands is set at 65HZ, and the image
sampling frequency is set at 25HZ.

3.2. Performance Indicators. Reasonable and balanced per-
formance indicators are needed to evaluate the initialization
methods. This paper proposes two groups of performance
indicators, for self-evaluation (Table 2) and comparative eval-
uation (Table 3), respectively.

This study holds that the convergence frame number and
the initial error are key indicators to assess the proposed
passive initialization algorithm. As the initial error is only
affected by the aircraft state at the initial time and the rec-
tilinear motion hypothesis, the convergence frame number is
a stronger indicator of the usability of the proposed method.

The optimized map points and pose information are only
usable after convergence. Since error rotation 𝑒𝑅 is quite
unintuitive, for ease of understanding, this paper decomposes𝑒𝑅 into 𝑒𝑝𝑖𝑡𝑐ℎ, 𝑒𝑟𝑜𝑙𝑙, 𝑒𝑦𝑎𝑤 to facilitate the evaluation of perfor-
mance. The difference in length between t𝑖𝑛𝑖𝑡 and t𝑇 (true

value of t𝑖𝑛𝑖𝑡) is not considered due to the depth uncertainty of
monocular vSLAM initializations; only the difference in angle
between t𝑖𝑛𝑖𝑡 and t𝑇 is considered.

3.3. Test Design. In order to thoroughly test the proposed
initialization method, we devise a simple self-evaluation
test and an advanced comparative-evaluation test. The self-
evaluation test measures the inherent capabilities of the
new method, while the comparative-evaluation test runs the
competing algorithms on different terrains.The test scenarios
include: taxing, climbing, level flight, BTT turn, diving, and
landing.

3.4. Self-Evaluation Test and Result Analysis. The test results
of the algorithm in this paper are shown in Figure 6, and
the convergence curve of the algorithm is given, where
Figure 6(a) gives the convergence curve for initializing in the
running state. It can be seen that in this state, the initial
error is small, because the state of motion of the aircraft is
very close to the motion assumption in the slipping state,
and the error is within 1∘ even if the error is not eliminated.
Figure 6(b) gives the convergence curve for the initialization
of the aircraft at the moment of takeoff. It can be seen that
there is a large error in the motion state of the aircraft and
themotion assumption at this time. Due to the characteristics
of the fixed-wing aircraft, it is mostly in a level flight during
the cruise flight. In this state, the motion of the aircraft is
similar to the motion assumption. Therefore, several special
states are selected in the test, including the climbing to level
flight (Figure 6(d)), level flight to BTT turn (Figure 6(e)),
level flight to dive (Figure 6(f)), etc. Thus Figure 6 gives the
convergence of the algorithm in each typical state during
a complete flight, which does not reflect the ability of the
algorithm in the whole process.

Figures 7 and 8 and Table 4 summarize the convergence-
related initialization performance at different poses through-
out one complete flight. Figure 7 shows the convergence
time statistics of the algorithm in the whole flight process.
Figure 8 indicates the error distribution of the algorithm
under different thresholds. Table 4 gives the exact values of
Figures 7 and 8.

3.5. Comparative-Evaluation Test and Result Analysis. This
paper selects ORB-SLAM2 and DSO as the competing
classical algorithms for the comparative-evaluation test. In
order to better reflect their performance, this study runs the
all methods on plain terrain (Figure 5) and mountainous
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Table 4: Convergence statistics.

𝛿𝑠 ANCF AIE ACE
1 1∘ 1.49 95.4% 0.83
2 0.7∘ 1.65 83.5% 0.58
3 0.5∘ 2.81 78.1% 0.41
4 0.3∘ 3.94 67.5% 0.25
5 0.1∘ 5.63 63.3% 0.08

Figure 5: Simulation scenarios on plain terrain.
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Figure 6: Error time histories.
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Table 5: Initialization results under different terrains.

Method Terrain SRI AEI
1 ours (𝛿𝑠 = 1) Plain 95.4% 0.83
2 ours (𝛿𝑠 = 0.7) Plain 83.5% 0.58
3 ours (𝛿𝑠 = 0.5) Plain 78.1% 0.41
4 ours (𝛿𝑠 = 0.3) Plain 67.5% 0.25
5 ours (𝛿𝑠 = 0.1) Plain 63.3% 0.08
6 ORB-SLAM2 Plain 8.2% 1.67
7 DSO Plain 12.2% 1.01
8 ours (𝛿𝑠 = 1) Mountainous 23.1% 0.93
9 ours (𝛿𝑠 = 0.7) Mountainous 17.1% 0.65
10 ours (𝛿𝑠 = 0.5) Mountainous 14.9% 0.44
11 ours (𝛿𝑠 = 0.3) Mountainous 11.1% 0.24
12 ours (𝛿𝑠 = 0.1) Mountainous 9.1% 0.08
13 ORB-SLAM2 Mountainous 5.4% 1.78
14 DSO Mountainous 10.4% 1.38
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Figure 7: Convergence time histories.
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Figure 8: Converged error statistics.

terrain (Figure 9). Considering the stochastic nature of ORB-
SLAM2, the study conducts five comparative-evaluation sub-
tests on each terrain.The best subtest results are viewed as the
illustrative test results.

Figure 10 gives the initialization results of the three
algorithms in two terrains. 𝛿𝑠 in proposedmethod is set to 0.5
during test. It can be seen that SRI of the proposed method

in both plain and hilly terrain is greater than that of ORB-
SLAM2 or DSO. Considering the effect of 𝛿𝑠 on proposed
method, SRI under different 𝛿𝑠 is compared, as in the Table 5

In addition to the comparative-evaluation performance
indicators introduced in Table 3, this paper also compares
the number of matched feature points(ANMFP) needed by
ORB-SLAM2, DSO and the proposed method, respectively,
to effectuate successful initialization (Table 6).

It can be seen from Table 6 that the ANMFP value of
the proposed algorithm is between 50 and 70, while the
ANMFP of ORB-SLAM2 is above 200. The DSO algorithm
requires a larger ANMFP, because it uses a direct method
framework. It can be seen that the number of feature points
required by the proposed algorithm is much smaller than
that of ORB-SLAM2 and DSO. The reason for this result
is determined by the basic structure of the algorithm in
this paper. The algorithm does not directly calculate the H
or E by relying on the correspondence between the feature
points of two adjacent frames, but continuously optimizes
the initial pose by using the feature point correspondences
that can be continuously observed in successive frames. That
is to say, for this method, there is no need to have so many
feature points in the initial frame. This method could get
an acceptable initial attitude as long as enough points can
be continuously observed in successive frames. This also
explains from another side why the algorithm can achieve a
higher SRI. Therefore, the method in this paper can achieve
better results from little feature points when dealing with
sparse image features.

4. Conclusion

In this paper, we propose a rectilinear hypothesis of platform
motion and thereby derive a passive initialization method for
monocular SLAM. Init BA and subsequent BA are utilized in
reducing the errors between the actual motion and that of
the proposed hypothesis. A simulated fixed-wing aircraft is
selected as the test platform for the proposedmethod. Results
show that the success rate of monocular SLAM Initialization
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Figure 9: Simulation scenarios on mountainous terrain.
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Table 6: Number of matched feature points needed.

method Terrain ANMFP
1 ours (𝛿𝑠 = 1) Plain 57.1
2 ours (𝛿𝑠 = 0.7) Plain 58.5
3 ours (𝛿𝑠 = 0.5) Plain 56.1
4 ours (𝛿𝑠 = 0.3) Plain 55.2
5 ours (𝛿𝑠 = 0.1) Plain 63.3
6 ORB-SLAM2 Plain 297.3
7 DSO Plain 1907.1
8 ours (𝛿𝑠 = 1) Mountainous 78.7
9 ours (𝛿𝑠 = 0.7) Mountainous 68.2
10 ours (𝛿𝑠 = 0.5) Mountainous 74.9
11 ours (𝛿𝑠 = 0.3) Mountainous 66.2
12 ours (𝛿𝑠 = 0.1) Mountainous 71.1
13 ORB-SLAM2 Mountainous 254.8
14 DSO Mountainous 1953.8

is greatly improved compared with that of ORB-SLAM2.
However, this method is only effective on platforms with
strong motion characteristics and cannot be used indiscrim-
inately on platforms characterized by randomized motions,
such as humans and animals. At present, the method has
yet to be tested in real-world environments, which will be
rectified in future works.
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Recommender systems have become indispensable for online services since they alleviate the information overload problem for
users. Some work has been proposed to support the personalized recommendation by utilizing collaborative filtering to learn the
latent user and item representations from implicit interactions between users and items.However,most of existingmethods simplify
the implicit frequency feedback to binary values, which make collaborative filtering unable to accurately learn the latent user and
item features. Moreover, the traditional collaborating filtering methods generally use the linear functions to model the interactions
between latent features. The expressiveness of linear functions may not be sufficient to capture the complex structure of users’
interactions and degrades the performance of those recommender systems. In this paper, we propose a neural personalized ranking
model for collaborative filtering with the implicit frequency feedback. The proposed method integrates the ranking-based poisson
factor model into the neural networks. Specifically, we firstly develop a ranking-based poisson factor model, which combines the
poisson factor model and the Bayesian personalized ranking. This model adopts a pair-wise learning method to learn the rankings
of uses’ preferences between items. After that, we propose a neural personalized ranking model on top of the ranking-based
poisson factor model, named NRPFM, to capture the complex structure of user-item interactions. NRPFM applies the ranking-
based poisson factor model on neural networks, which endows the linear ranking-based poisson factor model with a high level
of nonlinearities. Experimental results on two real-world datasets show that our proposed method compares favorably with the
state-of-the-art recommendation algorithms.

1. Introduction

Recommender systems [1] have become an indispensable
component in E-commerce, online news and social media
sites. These systems alleviate the information overload prob-
lem for users, by discovering the users’ hidden preferences
and providing users with the personalized information, prod-
ucts, or services. With such attractive features, recommender
systems are widely employed in many online applications,
including Amazon, Youtube, and Netflix.

As one of the most widely used techniques for recom-
mender systems, collaborative filtering (CF) [2] has achieved
great success in E-commerce. CF methods, which are inde-
pendent of specific domains, make recommendations by

analyzing the past activities of users.Themain idea of CF is to
learn the latent user preferences and the item characteristics
by modelling the user-item interaction behaviors. Among a
variety of CF methods, matrix factorization (MF) [3, 4] has
drawn a large amount of attentions, due to its effectiveness
and efficiency for coping with large datasets. MF method
assumes that only a few latent factors contribute to the
preferences of users and the characteristics of items. Matrix
factorization approach simultaneously embeds both the user
and item feature vectors into a low-dimensional latent factor
space.

Most of the traditional CF methods work on explicit
feedback, i.e., the ratings on items given by users. They
generally apply the point-wise regression methods to predict
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the ratings for unobserved items. However, explicit feedback
may not always be available, since it is comparatively difficult
to collect. As a result, using the implicit feedback (e.g., clicks,
bookmarks and purchases) to express users’ preferences
is more common in the practical recommender systems.
In CF with implicit feedback, only the positive instances
are observed, while the negative instances and the missing
values are mixed together, which make the personalized
recommendation with implicit feedback more challenging.

Collaborative filtering with implicit feedback is referred
to as the One-Class Collaborative Filtering (OCCF) problem
[5, 6]. In order to solve the OCCF problem, Pan et al.
[5] and Hu et al. [6] proposed a Weighted Regularized
Matrix Factorization (WRMF) method. Rendle et al. [7]
formulated recommendation as a ranking problem and pro-
posed the Bayesian Personalized Ranking (BPR). Zhao et
al. [8] proposed the Social Bayesian Personalized Ranking
(SBPR) model, which integrates social connections with the
users’ implicit feedback to estimate users’ rankings of items.
However, most of the existing methods for OCCF simplify
the implicit interactions between users and items. Regardless
of how many times a user interacts with an item, they use
the binary implicit feedback to indicate whether a user has
clicked or viewed an item [5–8]. In other words, the existing
methods generally use the matrix factorization models to
quantify the binary implicit interactions between users and
items. Intuitively, the number of implicit interactions reflects
the degree of the user’s preferences for items. The larger
the number of interactions, the more preferred. Hence,
such simplified schemes make the CF methods unable to
accurately capture the users’ preferences for items.

In addition, as reported in [9], matrix factorization
based models use a linear function (i.e., inner product) to
model the interactions between the user latent features and
the item latent features. The expressiveness of the linear
function is too limited to capture the complex structure
of users’ interactions, which hinders the performance of
recommender systems. Hence, He et al. [9] proposed a
general framework, named neural collaborative filtering
(NCF) for recommender systems and suggested applying
neural networks to learn the nonlinear interaction function
from data. The nonlinear interaction function learned from
the interaction data endows recommender systems with
a high level of nonlinearities. Similar to the traditional
recommendationmethods that work on the explicit feedback,
however, the point-wise learning method in NCF degrades
the recommendation performance due to the data sparsity
issue.

To tackle the aforementioned issues, in this paper, we
propose a neural personalized ranking model for collab-
orative filtering with implicit frequency feedback, which
integrates the ranking-based poisson factor model with the
neural networks. Specifically, we basically adopt the poisson
factor model (PFM) [10, 11], instead of the classical matrix
factorization techniques, to model the implicit interactions
between users and items. The poisson factor model replaces
the usual Gaussian likelihood in the probabilistic matrix
factorization with the Poisson likelihood, which guarantees
the nonnegativity of latent factors. Moreover, as pointed

out by Ma et al. [10], the poisson factor model is better at
modelling the frequency data than the traditional matrix
factorization models. However, the data sparsity of implicit
frequency feedback limits the performance of the poisson
factor model, because the observed feedback available is
not sufficient for the poisson factor model to learn latent
features. To solve the data sparsity issue, we develop a
ranking-based poisson factor model, which combines the
poisson factor model and the Bayesian personalized ranking.
The ranking-based poisson factor model adopts a pair-
wise learning method to learn the rankings of preferences
between items. In order to capture the complex structure
of interactions, moreover, we propose a neural personalized
ranking model on top of the ranking-based poisson factor
model, called NRPFM. NRPFM integrates the ranking-
based poisson factor model with the neural networks, which
provides the linear ranking-based poisson factor model with
a high level of nonlinearities. In our neural personalized
ranking model, we use the multilayer perceptron (MLP)
[12] to learn the nonlinear and nontrivial user-item interac-
tion relationships. Hence, our proposed neural personalized
ranking model unifies the strengths of the ranking-based
poissonmodel in learning users’ preferences ranking between
items from implicit frequency feedback, and the neural
networks in capturing the nonlinear user-item interaction
relationships.

The key contributions of our work are summarized as
follows:

(i) We propose a ranking-based poisson factor model,
which combines the poisson factor model and the
Bayesian personalized ranking to tackle the data
sparsity of implicit frequency feedback.

(ii) We propose a neural personalized ranking model
for collaborative filtering with implicit frequency
feedback. This neural personalized ranking model
integrates the ranking-based poisson factor model
with the neural networks, which endows the linear
ranking-based poisson factor model with a high level
of nonlinearities.

(iii) We perform extensive experiments to evaluate our
proposed method on real-life datasets. The results
show that our proposed method outperforms the
state-of-the-art recommendation algorithms.

The rest of this paper is organized as follows. Section 2
briefly reviews the related work in recommender systems.
Section 3 introduces some preliminary knowledge. Section 4
describes the details of our proposed item recommendation
algorithm. Experiments are evaluated in Section 5. Finally, we
conclude this paper and present some directions for future
work in Section 6.

2. Related Work

In this section, we review the major related work for recom-
mender systems, including the traditional collaborative filter-
ing methods and the neural network-based recommendation
methods.
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2.1. Collaborative Filtering. Collaborative filtering (CF) [2]
approaches are widely deployed in the modern E-commerce
websites and have achieved a great success. CF approaches
include two main categories [2]: memory-based algorithms
and model-based algorithms, according to different ways of
utilizing a user-item rating matrix.

Memory-based CF algorithms, also known as neighbor-
based methods, use the entire user-item rating matrix to gen-
erate recommendations. Typical memory-based algorithms
include user-based methods [2] and item-based methods [13,
14].The underlying assumption of memory-based methods is
that similar users share common interests, and users usually
prefer similar items. The key issue of user-based and item-
based methods is to adopt suitable similarity measures to
calculate the pairwise similarity between users or between
items. Typical similarity measures include the cosine simi-
larity, the Pearson correlation coefficient, and the adjusted
cosine similarity [13]. Model-based CF methods firstly learn
a predictive model, which characterizes the rating behaviors
of users, by exploiting the statistical and machine learning
techniques. They use the predictive models to predict users’
future behaviors. Typical model-based filtering approaches
include Bayesian networks [2], clustering model [15, 16],
latent semantic analysis [17, 18], and restricted Boltzmann
machines [19].

As the most popular approaches among various CF
methods, matrix factorization methods (MF) [3, 4] have
attracted a lot of attentions due to their effectiveness and
efficiency in dealing with a very large scale user-item rating
matrix. The basic assumption of matrix factorization is that
only a few latent factors contribute to the preferences of
users and the characteristics of items. Therefore, matrix
factorization approaches simultaneously embed both user
and item feature vectors into a low-dimensional latent factor
space, where the correlation between user’s preference and
item characteristics can be computed directly. Typical matrix
factorization approaches includeNMF [20], PMF [4], SVD++
[21], and MMMF [22].

These above matrix factorization based recommenda-
tion algorithms generally learn the latent feature vectors of
users and items from users’ explicit feedback (i.e., users’
ratings on items). Explicit feedback however may not always
be available since it is difficult to collect. So, it is more
common for recommender systems to present users’ pref-
erences using implicit feedback (e.g., clicks, bookmarks
and purchases) in real world, since implicit feedback is
relatively easy to obtain. However, only positive instances
are observed in implicit feedback, and negative instances
and missing values are mixed together, which make the
personalized recommendation with implicit feedback more
challenging. Collaborative filtering with implicit feedback is
referred as the One-Class Collaborative Filtering (OCCF)
problem [5, 6]. To solve the OCCF problem, Pan et al.
[5] and Hu et al. [6] proposed a Weighted Regularized
Matrix Factorization (WRMF) method. WRMF treats all
missing entries as negative instances and assigns varying
confidence to positive and negative instances. Rendle et al. [7]
modeled the rankings of feedback and proposed a Bayesian
Personalized Ranking (BPR) criterion for recommendation

systems based on implicit feedback. Pan et al. [23] extended
BPR and proposed the Group Bayesian Personalized Ranking
(GBPR), via introducing the richer interactions among users.
GBPR aggregates the features of similar users in groups to
reduce sampling uncertainty. In [8], Zhao et al. proposed the
Social Bayesian Personalized Ranking (SBPR) model, which
integrates social connections with users’ implicit feedback
to estimate users’ rankings of items. In [24], Zhao et al.
utilized the cross-region community matching technique to
generate personalized locally interest locations for users. In
particular, they proposed the Bayesian probabilistic tensor
factorization with social and location regularization (BPTF-
SLR) framework to extract users’ latent social dimensions
from users’ implicit feedback. It must be noted that the
recommender systems with implicit feedback are more prac-
tical than those with explicit feedback. Therefore, the recent
research directions on recommendation have been shifted
towards learning users’ hidden preferences from implicit
feedback, rather than inferring users’ tastes from explicit
feedback.

2.2. Neural Networks-Based Recommendation Approaches.
Recently, many research has employed the neural network
technique to design recommendation algorithms, because
neural network technique is able to effectively capture the
non-linear and non-trivial user-item interaction relation-
ships [25] and extract deep and abstract feature representa-
tions for users and items, leading to large improvements in
recommendation quality. Representatives of neural network-
based recommendation algorithms include Wide & Deep
Learning [26],NCF [9],NFM[27], AutoRec [28], CDAE [29],
and ConvMF [30].

Among deep neural network techniques, the multilayer
perceptron (MLP) [12] is able to approximate measurable
function and widely adopted in recommender systems. To
provide the App recommendation in Google play, Cheng
et al. [26] presented the Wide & Deep Learning approach,
which consists of the wide learning model and the deep
learningmodel.Thewide learning component is a single layer
perceptron and can effectively memorize feature interactions
using the cross-product feature transformations. The deep
learning component applies the MLP to generalize to the
unobserved feature interactions through low-dimensional
embeddings. In [9], He et al. proposed a general framework
named neural collaborative filtering (NCF) for CF based
on neural networks. Specifically, NCF leverages multilayer
perceptron to learn the user-item interaction function, which
endows NCF modelling with a high level of nonlinearities.
Under the NCF framework, three instantiations of NCF are
presented, i.e., GMF, MLP, and NeuMF. GMF employs a
linear kernel to model the latent feature interactions, and
MLP utilizes a nonlinear kernel to the user-item interaction
function. Based on GMF and MLP, NeuMF unifies the lin-
earity of GMF and the nonlinearity of MLP for modelling the
complex interactions between users and items. Furthermore,
Wang et al. [31] extended NCF to solve the cross-domain
social recommendation problem (i.e., recommending the
relevant items of information domains to the potential users
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of social networks) and proposed a neural social collaborative
ranking (NSCR) approach. NSCR enhances NCF by plugging
a pairwse pooling operation on top of embedding vectors
and utilizes the graph regularization technique to model
the cross-domain social relations. In addition, in order to
simultaneously model the low-order feature interactions and
the high-order feature interaction,Guo et al. [32] proposed an
end-to-end model, named deepFM, which seamlessly fuses
the factorization machine (FM) [33] and MLP. Similar to
deepFM,which employes FM andMLP for recommendation,
He et al. [27] proposed the neural factorization machine
(NFM) for prediction under sparse settings. Unlike other
MLP-based methods, NFM introduces a Bi-Interaction pool-
ing component on top of embeddings vectors, which captures
the second-order feature interactions in the low-level and
greatly facilitates the following hidden layers of NFM to learn
the high-order feature interactions. An extension of NFM,
called AFM, is also proposed in [34]. AFM takes the impor-
tance of different feature interactions into consideration and
learns the importance of each feature interaction via a neural
attention network.

As one of the core components of deep neural network,
autoencoder [35] technique is able to reconstruct inputs
in the output layer via a low-dimensional hidden space;
some researchers have employed the autoencoder technique
in recommender systems to improve the recommendation
performance. For example, Sedhain et al. [28] utilized the
autoencoder paradigm to make recommendation and pro-
posed AutoRec. Specifically, AutoRec takes the user-partial
observed vectors or the item-partial vectors as inputs and
embeds them into a low-dimensional hidden space. Finally,
AutoRec reconstructs inputs in the output layer by directly
optimizing Root Mean Square Error (RMSE). According
to the types of inputs, AutoRec includes two variants: U-
AutoRec and I-AutoRec, which correspond to take the user-
partial observed vectors and the item-partial vectors as
inputs, respectively. Compared to the classical autoencoder
technique, denoising autoencoder (DAE) [36] techniques
are able to discover more robust representations and avoid
learning an identity function. In order to take the advantages
of DAE, several research work employes DAE techniques for
CF [37, 38]. Li et al. [38] proposed the deep collaborative
filtering framework (DCF), which unifies the deep learning
models with MF based CF. The key deep learning model
used in DCF is the marginalized denoising auto-encoders
(mDA) [39], which is more computationally efficient and has
a closed-form solution to learn model parameters. Moreover,
Wu et al. [29] utilized the idea of DAE and proposed the
collaborative denoising autoencoder (CDAE) for CF. The
key difference between CDAE and the above DAE-based
CF methods is that CDAE considers the personalized user
factors by encoding a latent vector for each user, which
greatly improve the recommendation performance. These
above DAE-based recommendation methods [29, 37, 38]
assume that the observed user-item interactions are a cor-
rupted version of the user’s full preferences and learn the
latent representations of the corrupted user-item preferences,
which can be used to reconstruct users’ full preferences. In
contrast, Wang et al. [40] proposed a hierarchical Bayesian

model, called CDL. CDL integrates the stacked denoising
autoencoder (SDAE) [41] into PMF [4] and jointly uses SDAE
to learn the deep representations for item content and utilizes
PMF to perform collaborative filtering for ratings matrix.
Note that CDL takes the item features as inputs for SDAE
while other DAE-based methods (i.e., AutoRec, DCF, and
CDAE) make user feedback as inputs. In other words, CDL
utilizes the deep learning component to model the auxiliary
information rather than model user behaviors.

Convolution neural network (CNN) [42] is a specialized
kind of feedforward neural network for processing the
data with grid-like topology. CNN-based recommendation
methods usually utilize CNN to extract the deep and abstract
feature representations [30, 43–45] from images, audio, and
text information. Wang et al. [46] proposed a visual content
enhanced point-of-interest (POI) recommendation method
(VPOI). VPOI incorporates the visual features extracted via
CNN into PMF for learning the latent features of users
and POIs. He et al. [44] proposed a visual Bayesian per-
sonalized ranking (VBPR) algorithm that incorporates the
visual features learned from the product images by CNN into
MF. In [45], Oord et al. utilized CNN to extract the latent
features from music audio for the music recommendation.
Gong et al. [43] formulated the hashtag recommendation
task as a multiclass classification problem and proposed an
attention based CNN architecture for the hashtag recom-
mendation. Zheng et al. [47] proposed the deep cooperative
neural network (DeepCoNN). DeepCoNN consists of two
parallel CNNs coupled together by a shared common layer
to model the user behaviors and the item properties from
reviews. Moreover, Kim et al. [30] integrated CNN into the
probabilistic matrix factorization and proposed the convolu-
tional matrix factorization for recommendation (ConvMF).
ConvMF utilizes CNN to capture the contextual information
of item content and further enhance the rating prediction
accuracy. Other neural network-based approaches include
the recurrent neural network (RNN) based methods [48–50],
the restricted Boltzmannmachine (RBM) based methods [19,
51], and the generative adversarial network based methods
[52].

There are also other cross-domain multimodal research
developments on recommendation systems that provide
interesting and insightful discussions to guide future direc-
tions. As an example, Nie et al. [53] proposed a scheme to re-
rank web images for complex queries from probabilistic per-
spective. Specifically, they first proposed a heuristic approach
to detect noun-phrase based visual concepts from complex
query. Then, they proposed a heterogeneous network to
automatically estimate the relevance score of each image,
which jointly integrates three layer relationships, spanning
from semantic level to visual level. Nie et al. [54] focused
on a challenging image search performance prediction prob-
lem. By analyzing Normalized Discounted Cumulative Gain
(NDCG) and Average Precision (AP), they found that only
the prediction of the images’ relevance probabilities was
required to compute their mathematical expectations. There-
fore a query-adaptive graph-based learning approach was
proposed to estimate the relevance probability of each image
to a given query.
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The works that are most related to ours are BPR [7] and
NCF [9]. Comparing BPRwith NRPFM, themajor difference
between BPR and NRPFM includes three aspects: (1) BPR is
designed to learn latent user and item feature vectors from
implicit binary feedback, while NRPFM is designed to learn
latent user and item representations from implicit frequency
feedback, which is more practical in recommendation sce-
narios; (2) BPR uses a linear function (i.e., inner product)
to model the interactions between user latent features and
item latent features. By contrast, NRPFM uses a nonlinear
function learned from a multilayer perceptron to model
the complex interactions between latent user features and
latent item features, which endows NRPFM with a high
level of nonlinearity; (3) essentially, BPR assumes that users’
implicit feedback follows the Gaussian distribution, which
does not fit the heavily skewed frequency data well. But
NRPFM assumes that users’ implicit feedback follows the
Poisson distribution, which is more suitable for fitting the
skewed frequency feedback. In addition, although both NCF
and NRPFM leverage the multilayer perceptron to model
the nonlinear interactions between latent user features and
latent item features, the difference between NRPFM and
NCF mainly lies in three aspects. (1) Similar to BPR, NCF
is also designed for implicit binary feedback, which is a
simplified form of implicit frequency feedback. In contrast,
NRPFM directly learns users’ preferences and items’ charac-
teristics from the implicit frequency feedback. (2) Moreover,
NCF leverages a point-wise method to learn latent user
and item feature vectors, while NRPFM utilizes a pair-wise
method to learn latent feature vectors for users and items.
For NCF, only the observed feedback has contributions to
the learning of latent user and item feature vectors. In
contrast, NRPFM makes the missing values also contribute
to learning latent user and item features. Hence, NRPFM
to some extent better alleviates the data sparsity problem.(3) NCF also assumes that users’ implicit feedback follows
the Gaussian distribution, while NRPFM makes a different
assumption that users’ implicit feedback follows the Poisson
distribution.

Our proposed Neural Personalized Ranking via Poisson
FactorModel is an important attempt of this direction. More-
over, we consider more practical recommendation scenarios,
in which users represent their preferences using the implicit
frequency feedback, rather than using the simplified implicit
binary feedback. Furthermore, although it is direct to use
deep learning techniques to extend personalized ranking
recommendation models (i.e., BPR), this scheme is not
able to infer latent user preferences and item characteristics
from implicit frequency feedback because traditional ranking
based personalized recommendation models essentially are
designed to deal with implicit binary feedback. By contrast,
our proposed deep learning based personalized ranking
model is built on top of BPR, Poisson factor model, and
deep learning technique and unify the strengths of these
models to more accurately learn latent user and item features
from implicit frequency feedback. In short, our contributions
are three-fold. Specifically, (1) we use Poisson factor model
to model users’ implicit frequency feedback. Subsequently,(2) we utilize the nonlinear function learned from the

deep learning algorithm to model the complex interactions
between latent user feature vectors and latent item feature
vectors. Finally, (3) in order to train the recommendation
model, we sample the set of triplets with partial order from
implicit frequency feedback, resulting in alleviating the data
sparsity problem.

3. Preliminary Knowledge

In this section, we introduce the preliminary knowledge
related to our proposed neural personalized ranking based
recommendation algorithm. We firstly describe the recom-
mendation problem in Section 3.1.Then, we briefly introduce
the Poisson factor model in Section 3.2.

3.1. Problem Description. In the typical recommender sys-
tems with implicit frequency feedback, users’ implicit feed-
back is used to construct the user-item interaction matrix𝑅 ∈ R𝑀×𝑁, which is comprised of two entity sets: the
set of 𝑀 users 𝑈 = {𝑢1, 𝑢2, . . . , 𝑢𝑀} and the set of 𝑁
items 𝐼 = {V1, V2, . . . , V𝑁}. Each entry 𝑟𝑢𝑖 of 𝑅 represents
the number of interactions between user 𝑢 and item 𝑖.
The number of interactions reflects the users’ preferences
for certain items. Note that, in the recommender systems
with explicit feedback, the feedback 𝑟𝑢𝑖 usually indicates the
value of the rating on item 𝑖 given by user 𝑢. Ratings are
usually integers and fall into [0, 5], in which 0 indicates the
missing value, since the user has not yet rated that item. In
the recommender systems with implicit frequency feedback,
however, the feedback 𝑟𝑢𝑖 has a larger range compared with
ratings. For example, in shopping websites, user may click
hundreds of times at some products, while user may click few
times for other products. Moreover, 0 is the mixture of the
missing value and the negative instance in implicit scenario,
which indicates the user is not aware of the item, and the
user does not like it, respectively. The set of items interacting
with the user 𝑢 is denoted as 𝐼𝑢 (𝐼𝑢 ⊆ 𝐼). In practice,
the user-item interaction matrix 𝑅 is generally very sparse
with many unknown entries, since a typical user may have
only interacted with a tiny percentage of items. This sparse
nature of the user-item interaction matrix leads to the poor
recommendation quality. In this paper, we use “feedback” and
“interaction” interchangeably.

The task of recommender systems with implicit fre-
quency feedback is to learn the users’ hidden preferences
by utilizing users’ interaction history and provide them
with the ranked lists of items that user may be interested
in.

3.2. Poisson Factor Model. Poisson factor model (PFM) [10]
is a generative probabilistic model, which assumes that each
observed element 𝑟𝑢𝑖 follows the Poisson distribution with
the expectation 𝑓𝑢𝑖: 𝑟𝑢𝑖 ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑓𝑢𝑖). The expected value
matrix F ∈ R𝑀×𝑁 is factorized into the user latent feature
matrix P ∈ R𝐾×𝑀 and the item latent feature matrix
Q ∈ R𝐾×𝑁: F ∼ P𝑇Q. Besides assuming that the Poisson
distribution generates the observed elements, PFM places
Gamma priors over 𝑝𝑢𝑘 and 𝑞𝑖𝑘,
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𝑝 (𝑝𝑢𝑘 | 𝛼𝑘, 𝛽𝑘) = 𝑝𝛼𝑘−1
𝑢𝑘

exp (−𝑝𝑢𝑘/𝛽𝑘)
𝛽𝛼𝑘
𝑘
Γ (𝛼𝑘) ,

𝑝 (𝑞𝑖𝑘 | 𝛼𝑘, 𝛽𝑘) = 𝑞𝛼𝑘−1
𝑖𝑘

exp (−𝑞𝑖𝑘/𝛽𝑘)
𝛽𝛼𝑘𝑘 Γ (𝛼𝑘) ,

(1)

where Γ(.) is the Gamma function. 𝛼𝑘 and 𝛽𝑘 are the shape
and rate parameters of Gamma distribution, respectively.

The generative process of an observed element 𝑟𝑢𝑖 is as
follows.

(1) For each user 𝑢, generate each component of the user
latent feature vector: 𝑝𝑢𝑘 ∼ 𝐺𝑎𝑚𝑚𝑎(𝛼𝑘, 𝛽𝑘).

(2) For each item 𝑖, generate each component of the item
latent feature vector: 𝑞𝑖𝑘 ∼ 𝐺𝑎𝑚𝑚𝑎(𝛼𝑘, 𝛽𝑘).

(3) Generate 𝑟𝑢𝑖 ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(p𝑇𝑢q𝑖).
The posterior distribution of P andQ given the user-item

interaction matrix R is as follows:

𝑝 (P,Q | R,𝛼,𝛽)
∝ 𝑝 (R | F) 𝑝 (P | 𝛼,𝛽) 𝑝 (Q | 𝛼,𝛽) . (2)

where 𝛼 = {𝛼1, 𝛼2, . . . , 𝛼𝐾}, 𝛽 = {𝛽1, 𝛽2, . . . , 𝛽𝐾}.
Maximizing the log-posterior distribution 𝑝(P,Q | R,𝛼,𝛽)

results in the following objective function:

L
𝑃𝐹𝑀 = min

P,Q

𝑀∑
𝑢=1

𝐾∑
𝑘=1

(𝑝𝑢𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑝𝑢𝑘𝛽𝑘 ))

+ 𝑁∑
𝑖=1

𝐾∑
𝑘=1

(𝑞𝑖𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑞𝑖𝑘𝛽𝑘 ))

+ 𝑀∑
𝑢=1

𝑁∑
𝑖=1

(𝑓𝑢𝑖 − 𝑟𝑢𝑖 ln𝑓𝑢𝑖) + 𝑐𝑜𝑛𝑠𝑡.

(3)

PFM applies the stochastic gradient descent algorithm
(SGD) technique to learn the user latent feature matrix P and
the item latent feature matrix Q.

4. Our Approach

Our motivation is to learn user preferences and item charac-
teristics from implicit frequency feedback, as well as model
the complex structure of user interactions via deep learning.
In order to implement this motivation, we do not directly
fit the observed implicit frequency feedback, but fit the
partial orders of user preferences for items embedded in the
triplets, which are sampled from implicit frequency feedback
according to our assumption. To endow the ranking-based
Poisson factor model with a high level of nonlinearities, we
use the multilayer perceptron to learn the nonlinear and
nontrivial user-item interaction relationships. In the follow-
ing sections, we elaborate our proposed neural personalized
ranking model that integrates the neural networks into the
ranking based poisson factormodel for collaborative filtering
with implicit frequency feedback.

4.1. Ranking-Based Poisson Factor Model. In practical recom-
mender systems, the implicit interactions between users and
items usually are displayed in the form of frequency data,
which reflects the degree of the user’s preferences for items.
The larger the number of interactions, the more preferred.
Traditional recommendation models generally simplify the
implicit frequency feedback to be binary feedback, which
to some extents leads to information loss. The Poisson
factor model [10] replaces the usual Gaussian likelihood
in probabilistic matrix factorization with the Poisson likeli-
hood, which guarantees the nonnegativity of latent factors.
Moreover, as reported in [10], Poisson factor model is
suitable for modelling the frequency data, which displays
similar property to implicit interactions. Hence, we basically
adopt the poisson factor model to quantify users’ interaction
behaviors and learn the latent user features and the item
features from implicit frequency feedback. Similar to clas-
sical matrix factorization models [3, 4], the Poisson factor
model basically adopts the point-wise regression method to
learn the latent representations for users and items from
the observed feedback. In this sense, only the observed
feedback has contributions to the learning of the latent user
features and the item features. Due to the data sparsity issue
that commonly exits in recommender systems, the available
observed feedback is not sufficient for the poisson factor
model to learn the latent features, resulting in degrading the
performance of recommender systems.

TheBayesian personalized Ranking (BPR) [7] is a popular
pairwise learning method for collaborative filtering with
binary feedback and has beenwidely adopted inmany recom-
mendationmodels [8, 23]. BPR learns the latent user and item
features by optimizing the Bayesian pairwise ranking crite-
rion. Unlike the point-wise learning methods, BPR assumes
that users prefer the observed items over the nonobserved
items. In fact, BPR essentially makes the missing values
contribute to the training of recommendation model. Hence,
this pair-wise learning method somehow alleviates the data
sparsity problem.

To tackle the sparsity of implicit frequency feedback,
we propose a ranking based Poisson factor model, which
combines the Poisson factor model and the Bayesian per-
sonalized ranking. The ranking based Poisson factor model
adopts a pair-wise learning method to learn the rankings of
preferences between items. Specifically, we assume that users’
preferences for items increase as the numbers of interactions
increase. This assumption implies three aspects: (1) the
ranking of preferences for the observed item is higher than
that of the preferences for nonobserved item; (2) if two items
are observed, a user prefers the one with the larger number of
interactions over the another one with the fewer number of
interactions; (3) for two nonobserved items, we can not infer
the order of their preferences. Let 𝑟𝑢𝑖 denote the number of
interactions between the user 𝑢 and the item 𝑖, and 𝑟𝑢𝑗 for the
user 𝑢 and the item 𝑗. If 𝑟𝑢𝑖 > 0 𝑎𝑛𝑑 𝑟𝑢𝑗 = 0, then the user 𝑢
prefers the item 𝑖 over the item 𝑗; i.e., 𝑖 >𝑢 𝑗, where>𝑢 indicates
the preference relationships between user 𝑢 and items. If 𝑟𝑢𝑖−𝑟𝑢𝑗 ≥ 𝜏 𝑎𝑛𝑑 𝑟𝑢𝑗 > 0, then 𝑖 >𝑢 𝑗, where 𝜏 denotes a threshold
parameter. In other words, if the difference between 𝑟𝑢𝑖 and𝑟𝑢𝑗 surpasses the threshold 𝜏, we assume that the preference
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on the item 𝑖 is ranked higher than the preference on the item𝑗. Formally, training set 𝐷𝑅 (i.e., the set of triplet (𝑢, 𝑖, 𝑗)) is
defined as follows:

𝐷𝑅 = {(𝑢, 𝑖, 𝑗) | (𝑟𝑢𝑖 > 0 ∧ (𝑟𝑢𝑗) = 0)
∨ ((𝑟𝑢𝑖 − 𝑟𝑢𝑗) ≥ 𝜏 ∧ (𝑟𝑢𝑗 > 0))} . (4)

Given the preference relationships between the user 𝑢 and
items >𝑢, we maximize the posterior probability 𝑝(Θ | >𝑢)
to learn the latent user and item features. Θ denotes model
parameters; i.e.,Θ = {P,Q}. Through the Bayesian inference,
the posterior probability of P and Q can be obtained as
follows:

𝑝 (Θ | >𝑢) ∝ 𝑝 (>𝑢 | Θ) 𝑝 (Θ) . (5)

All users are presumed to be independent of each other,
and the preference ranking of one (user,item) pair for a
specific user is also assumed to be independent of the
rankings of other (user,item) pairs. As a result, the likelihood
function for all the users is formulated as

∏
𝑢∈𝑈

𝑝 (>𝑢 | Θ) = ∏
(𝑢,𝑖,𝑗)∈𝑈×𝐼×𝐼

𝑝 (𝑖 >𝑢 𝑗 | Θ)𝐼((𝑢,𝑖,𝑗)∈𝐷𝑅)

× (1 − 𝑝 (𝑖 >𝑢 𝑗 | Θ))𝐼((𝑢,𝑖,𝑗)∉𝐷𝑅) ,
(6)

where 𝐼(𝑥) is the indication function. Based on the totality
and antisymmetry properties of preferences relationship, (6)
is rewritten as

∏
𝑢∈𝑈

𝑝 (>𝑢 | Θ) = ∏
(𝑢,𝑖,𝑗)∈𝐷𝑅

𝑝 (𝑖 >𝑢 𝑗 | Θ) . (7)

𝑝(𝑖 >𝑢 𝑗 | Θ) denotes the probability that the user 𝑢 prefers
the item 𝑖 over the item 𝑗 and is defined as

𝑝 (𝑖 >𝑢 𝑗 | Θ) = 𝜎 (𝑟𝑢𝑖𝑗 (Θ)) , (8)

where 𝜎(.) is the logistic sigmoid function. 𝑟𝑢𝑖𝑗(Θ) is a
real value function of model parameters and captures the
relationship between the user 𝑢, the item 𝑖, and the item 𝑗 and
is defined as follows:

𝑟𝑢𝑖𝑗 (Θ) = 𝑟𝑢𝑖 (Θ) − 𝑟𝑢𝑗 (Θ) = p𝑇𝑢q𝑖 − p𝑇𝑢q𝑗. (9)

In addition, Gammapriors are assumed for the latent user
and item feature vectors:

𝑝 (Θ) = 𝑝 (P | 𝛼,𝛽) 𝑝 (Q | 𝛼,𝛽)
= 𝑀∏
𝑢=1

𝐾∏
𝑘=1

𝑝𝛼𝑘−1
𝑢𝑘

exp (−𝑝𝑢𝑘/𝛽𝑘)
𝛽𝛼𝑘𝑘 Γ (𝛼𝑘)

× 𝑁∏
𝑖=1

𝐾∏
𝑘=1

𝑞𝛼𝑘−1
𝑖𝑘

exp (−𝑞𝑖𝑘/𝛽𝑘)
𝛽𝛼𝑘
𝑘
Γ (𝛼𝑘) .

(10)

Substitute the likelihood function defined in (7) and
the model parameter priors defined in (10) into (5); then
maximize the log of the posterior probability; we obtain the

objective function of the ranking-based poisson factormodel
as follows:

L
𝑅𝑃𝐹𝑀 = min

P,Q
− ln 𝜎 (𝑟𝑢𝑖𝑗 (Θ))

+ 𝑀∑
𝑢=1

𝐾∑
𝑘=1

(𝑝𝑢𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑝𝑢𝑘𝛽𝑘 ))

+ 𝑁∑
𝑖=1

𝐾∑
𝑘=1

(𝑞𝑖𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑞𝑖𝑘𝛽𝑘 )) .

(11)

It should be noted that both PFM and ranking-based
PFM basically assume that each observed element 𝑟𝑢𝑖 in the
user-item interaction matrix follows the Poisson distribution.
Moreover, they both place Gamma priors over each entry
of latent user feature matrix and item feature matrix. In
addition, they basically are generative probabilistic models.
The ranking-based PFM model is an extension of PFM. The
difference between the ranking-based PFM and PFMmodels
is that PFM is a point-wise recommendation model, whereas
the ranking-based PFM adopts a pair-wise method to learn
model parameters. For PFM, only observed feedback has con-
tributions to learning recommendation model parameters.
For ranking-based PFM, both observed feedback andmissing
values contribute to learning model parameters.

4.2. The Architecture of Neural Personalized Ranking Model.
As shown in (9), the ranking based Poisson factor model
uses a linear function (i.e., inner product) to model the
interactions between the user latent features and the item
latent features. As reported in [9], the expressiveness of
the linear function is limited and may not be sufficient to
capture the complex structure of users’ interactions, which
hinders the performance of the ranking based Poisson factor
model. To capture the complex structure of interactions;
therefore we develop a neural personalized ranking model
on top of the ranking-based Poisson factor model, called
NRPFM. This model integrates the neural networks with
the ranking-based Poisson factor model, which endows the
linear ranking-based Poisson factor model with a high level
of nonlinearities. In our neural personalized ranking model,
we use the multilayer perceptron (MLP) [12] to learn the
nonlinear and nontrivial user-item interaction relationships.
Figure 1 presents the architecture of our proposed model,
which consists of two branches - The left branch is used to
predict score for the positive (user,item) pair and the right
branch for the negative pair. Each branch includes four layers:
embedding layer, merge layer, hidden layers, and prediction
layer.

Embedding Layer. Embedding layer is aimed at mapping
users and items into a low-dimensional latent space and uses
the compact and dense real value vectors, instead of the sparse
and high-dimensional vectors, to represent users and items.

The input of our model is a triplet (𝑢, 𝑖, 𝑗) that indicates
the indexes of user 𝑢 and the corresponding ranking item pair(𝑖, 𝑗). After one-hot encoding the user and item indexes, we
obtain the sparse representations of users and items.Then, we
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Figure 1: Neural personalized ranking architecture.

use the embedding table lookup to obtain the embeddings of
user 𝑢 and items 𝑖 and 𝑗. Formally,

𝑝𝑢 = P.𝑜𝑛𝑒ℎ𝑜𝑡 (𝑢) ,
𝑞𝑖 = Q.𝑜𝑛eℎ𝑜𝑡 (𝑖) ,
𝑞𝑗 = Q.𝑜𝑛𝑒ℎ𝑜𝑒 (𝑗) ,

(12)

where 𝑜𝑛𝑒ℎ𝑜𝑡(.) indicates the result of one-hot encoding
for user or item. P ∈ R𝐾×𝑀 and Q ∈ R𝐾×𝑁 are the
user embedding matrix and the item embedding matrix,
respectively. The embedding matrices and the latent feature
matrices derived from matrix factorization models have the
same semantics. Hence, p𝑢 represents the latent feature vector
of user 𝑢 and q𝑖 indicates the latent feature vector of item 𝑖.

Above the embedding layer, we concatenate on the user
embedding and the item embedding for each (user,item) pair
in the merge layer. The concatenation of the embeddings
of user and item jointly encodes the user preferences and
the item characteristics. Then, we feed the concatenated
embedding into the hidden layers.This design for the emerge
layer is widely adopted in the multilayer perceptron- (MLP-)
based recommendation methods [9, 26].

Hidden Layers and Prediction Layer. Since the simple
concatenation of embeddings does not account for any
interactions between the user latent features and the item

latent features, we utilize a multilayer perceptron (MLP) to
learn the user-item interaction relationships, which endows
our model with a high level of nonlinearities. MLP stacks
multiple fully connected hidden layers, where each hidden
layer nonlinearly transforms the output of the previous
hidden layer via theweightmatrix and the activation function
and feeds their output into the following hidden layer. The
entire MLP adopts the tower structure, where the size of layer𝑙 is the half of the size of layer 𝑙 − 1. Based on this structure,
a higher hidden layers is able to learn more abstract features
for users and items.

The prediction layer is connected with the last hidden
layer and takes ReLu as the activation function to predict the
scores on items. Formally, the prediction score on the item 𝑖
given by the user 𝑢 is defined as follows:

𝑟𝑢𝑖 = 𝑅𝑒𝐿𝑈(W(𝑖)𝑝 𝑇Z(𝑖)𝐿 ) ,
Z(𝑖)𝐿 = 𝑎𝐿 (W(𝑖)𝐿 𝑇Z(𝑖)𝐿−1 + b(𝑖)𝐿 ) ,

...
Z(𝑖)1 = 𝑎1 (W(𝑖)1 𝑇x(𝑖) + b(𝑖)1 ) ,

x(𝑖) = [p𝑢
q𝑖

] ,

(13)



Complexity 9

where W(𝑖)𝑝 is the weight matrix of predication layer. W(𝑖)
𝑙
,

b(𝑖)
𝑙
, and 𝑎𝑙 denote the weight matrix, the bias vector, and the

activation function for the 𝑙th hidden layer, respectively. x(𝑖)
is the concatenation of the user embedding p𝑢 and the item
embedding q𝑖. The prediction score on the item 𝑗 given by
the user 𝑢 is computed in the same way. We adopt ReLU
as the activation functions for hidden layers, because other
activation functions, such as sigmoid and tanh, suffer from
the saturation and lead to overfitting.

4.3. Model Learning. The prediction scores reflect users’
preferences for items. After obtaining the prediction scores
for the positive (user, item) pair and the negative (user, item)
pair, i.e., 𝑟𝑢𝑖 and 𝑟𝑢𝑗, the real value function 𝑟𝑢𝑖𝑗(Θ) is rewritten
as follows:

𝑟𝑢𝑖𝑗 (Θ) = 𝑟𝑢𝑖 (Θ) − 𝑟𝑢𝑗 (Θ)
= 𝑅𝑒𝐿𝑈(W(𝑖)𝑝 𝑇Z(𝑖)𝐿 ) − 𝑅𝑒𝐿𝑈(W(𝑗)𝑝 𝑇Z(𝑗)𝐿 ) . (14)

Integrating the above relationship function 𝑟𝑢𝑖𝑗(Θ) with
the ranking-based Poisson factor model, the objective func-
tion of our neural personalized ranking model is defines as
follows:

L = min
P,Q

∑
(𝑢,𝑖,𝑗)∈𝐷𝑅

− ln𝜎

⋅ (𝑅𝑒𝐿𝑈(W(𝑖)𝑝 𝑇Z(𝑖)𝐿 ) − 𝑅𝑒𝐿𝑈(W(𝑗)𝑝 𝑇Z(𝑗)𝐿 ))

+ 𝑀∑
𝑢=1

𝐾∑
𝑘=1

(𝑝𝑢𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑝𝑢𝑘𝛽𝑘 ))

+ 𝑁∑
𝑖=1

𝐾∑
𝑘=1

(𝑞𝑖𝑘𝛽𝑘 − (𝛼𝑘 − 1) ln(𝑞𝑖𝑘𝛽𝑘 )) .

(15)

We initialize the user embedding matrix P and the item
embedding matrix Q with the Poisson distribution, which
is parameterized by the shape parameters 𝛼 and the rate
parameters 𝛽. At the training stage, according to the rules
of the construction of training set 𝐷𝑅, we uniformly sample
triplets (𝑢, 𝑖, 𝑗) in each iteration and control the number of
negative items for each positive instance. After shuffling these
sampled triplets, a batch of triplets are fed into our neural
personalized ranking model. For the optimization algorithm,
we adopt Adam [55] to update gradients, since Adam tunes
the learning rate based on the adaptive schemes and thus
yields fast convergence.

5. Experiments

In this section, we conduct several experiments on real
datasets to compare the performance of our proposed recom-
mendation algorithm with the state-of-the-art methods.

5.1. DataSet Description. There are many datasets used to
evaluate the performance of recommendation algorithms,

Table 1: Statistics of Foursquare and Gowalla.

Statistics Foursquare Gowalla
Num. of Check-ins 194,108 242,172
Num. of Users, 𝑀 2,321 5,000
Num. of Locations, 𝑁 5,596 23,997
Sparsity 99.18% 99.86%
Avg. Locations per User 45.57 32.13

such asMovieLens (https://grouplens.org/datasets/movielens/),
Yelp(https://www.yelp.com/dataset/challenge), Epinions(https://
snap.stanford.edu/data/soc-Epinions1.html), andNetflix(https://
www.netflixprize.com/). However, most of them only con-
sist of explicit feedback (i.e., ratings). In our experiment,
we choose twopublicly available datasets(http://www.ntu.edu
.sg/home/gaocong/datacode.htm): Foursquare and Gowalla,
to evaluate the performance of our proposed method, since
they include implicit frequency feedback of users. Foursquare
(https://foursquare.com/) and Gowalla (http://gowalla.com/)
are two popular location-based social networks (LBSNs),
which attract lots of attention from both the industry and
the academia recently. In both Foursquare and Gowalla,
users present their preferences in terms of the check-ins at
locations (e.g., restaurants, tourists spots, and stores). In
other words, users interact with locations via the check-ins.
The number of check-ins to some extend indicates the degree
of users’ preferences for locations.

In the Foursquare dataset, all check-ins were collected
within Singapore from Aug. 2010 to Jul. 2011. Check-ins of
Gowalla dataset were made within California and Nevada
from Feb. 2009 to Oct. 2010. In both datasets, users who
have checked in fewer than 5 locations have been removed.
Meanwhile, locations with less than 5 users have been filtered
out. Foursquare dataset contains 194,108 check-in obser-
vations from 2,321 users at 5,596 locations. We randomly
sample a subset from the original Gowalla dataset for evalu-
ation. The sampled Gowalla dataset includes 242,172 check-
in observations from 5,000 users at 23,997 locations. After
aggregating the check-in records based on user and location
identifiers, we obtain 105,764 entries in the user-location
interaction matrix of Foursquare, and 160,689 entries in
the user-location interaction matrix of Gowalla, respectively.
The sparsity of Foursquare and Gowalla datasets is 1 −105764/(2321 × 5596) = 99.19% and 1 − 160689/(5000 ×23997) = 99.86%, respectively. Hence, both the Foursquare
and Gowalla datasets are very sparse. In Foursquare dataset,
each user checked in 45.57 locations on average. And in
Gowalla, each user checked in 32.13 locations on average.

The general statistics of Foursquare and Gowalla are
summarized in Table 1.

5.2. Evaluation Metrics. We focus on the recommendation
problem with implicit feedback, which is formulated as the
item recommendation problemaimed at providing userswith
top-𝑘 highest ranked items. Therefore, we employ two widely
used rank metrics to evaluate the performance of different
recommendation algorithms, i.e., Precision@𝑘 and Recall@𝑘,

https://grouplens.org/datasets/movielens/
https://www.yelp.com/dataset/challenge
https://snap.stanford.edu/data/soc-Epinions1.html
https://snap.stanford.edu/data/soc-Epinions1.html
https://www.netflixprize.com/
https://www.netflixprize.com/
http://www.ntu.edu.sg/home/gaocong/datacode.htm
http://www.ntu.edu.sg/home/gaocong/datacode.htm
https://foursquare.com/
http://gowalla.com/
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where 𝑘 is the length of ranked recommendation list. Given a
user 𝑢, the precision and recall are defined as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑢@𝑘 = 𝐼𝑟𝑒𝑐𝑢 ∩ 𝐼𝑡𝑒𝑠𝑡𝑢 𝑘
𝑅𝑒𝑐𝑎𝑙𝑙𝑢@𝑘 = 𝐼𝑟𝑒𝑐𝑢 ∩ 𝐼𝑡𝑒𝑠𝑡𝑢 𝐼𝑡𝑒𝑠𝑡𝑢 

(16)

where 𝐼𝑟𝑒𝑐𝑢 is the top-𝑘 recommended item list for the
user 𝑢 and 𝐼𝑡𝑒𝑠𝑡𝑢 is the visited items list by the user 𝑢 in
testing set. The final Precision@𝑘 and Recall@𝑘 of the entire
recommendation algorithm are computed by averaging the
precision and recall values over all the users, respectively. For
both metrics, we set 𝑘 = 3, 5, 10 to evaluate the performance
in our experiments.

5.3. Compared Approaches. In order to evaluate the effective-
ness of our proposed method, we compare our method with
the following state-of-the-art approaches:

(1) PMF: this method was proposed by Mnih and
Salakhutdinov [4] and can be viewed as a probabilistic
extension of SVD [56] model. PMF represents the
latent user and item feature vector by means of a
probabilistic graphic model with Gaussian observa-
tion noise.

(2) BPR: BPR adopts a Bayesian Personalized Ranking
criterion [7] for item ranking. BPR is a pair-wise
learning method for OCCF problem. In our exper-
iments, we employ a uniform sampling strategy to
sample the user-item pairs for model training.

(3) MLP: MLP is an instantiation of NCF [9], which
concatenates the user and item embeddings, and feeds
the concatenation into neural networks to model the
nonlinear user-item interactions.

(4) NeuMF: NeuMF is another instantiation of NCF,
which is a strong baseline that fuses the generalized
matrix factorization and the multilayer perceptron
to simultaneously model the linear and nonlinear
interactions between the latent user features and the
latent item features.

(5) PFM: this method was proposed by Ma et al. [10].
PFM focuses on website recommendation and mod-
els users’ implicit feedback using the Poisson distribu-
tion.

(6) NRPFM: NRPFM is described in Section 4. NRPFM
is a neural personalized ranking model for collabora-
tive filtering with implicit frequency feedback, which
integrates the ranking-based Poisson factor model
with the neural networks.

5.4. Experiment Settings. In order to make a fair comparison,
we set the parameters of eachmethod, according to respective
references or based on our experiments. Under these param-
eter settings, each method achieves its best performance. For
PMF, we set 𝜆𝑈 and 𝜆𝑉 to be 0.001. For BPR, 𝜆Θ = 0.001,

we employ a uniform sampling strategy to sample the user-
item pairs formodel training. For PMF, BPR, and PFM,we set
the learning rate involved in the gradient descent algorithm
to be 0.0001. For MLP, we adopt the tower structure for
neural networks with three hidden layers, where the sizes
of each hidden layer are (32, 16, 8). The embedding size of
users and items is equal to the size of the first hidden layer,
i.e, 32. For NeuMF, we adopt the default parameters setting
of the original paper: the number of hidden layers is set
to be 3, and the sizes of each hidden layer are (32, 16, 8),
respectively.Thenumber of negative samples for each positive
one is set to be 4, and the embedding size of the generalized
matrix factorization is set to be 10. For PFM, 𝛼𝑘 = 2, 𝛽𝑘 =0.05, 𝑘 = 1, . . . , 𝐾. For our proposed NRPFM, we initialize
the model parameters using Gamma distribution with the
shape parameter 𝛼𝑘 = 2 and the rate parameter 𝛽𝑘 = 0.2. We
set the number of hidden layers to be 3 and the sizes of each
hidden layer to be (32, 16, 8). Meanwhile, we set the number
of negative samples per positive instance to be 8, 𝜏 = 2 and
adopt Adam with the batch size of 256 as optimizer.

For each user, we randomly extract 70% of the visited
locations as the training set and the remaining 30% of
locations as the testing data. We conduct data splitting five
times and report the average results on the test sets for each
dataset.

5.5. Recommendation Quality Comparisons. Tables 2 and
3 report the recommendation quality of all the compared
methods on Foursquare and Gowalla datasets.

From Tables 2 and 3, we have the following observations:(1) on both datasets, PMF performs the worst among all
the compared methods. Besides the data sparsity issue, one
possible reason is that PMF assumes a user’s implicit feedback
follows the Gaussian distribution, which is not suitable for
modeling the implicit frequency feedback. (2) BPR achieves
better performance than PMF. This is because BPR adopts
the pair-wise learning method to infer the latent user and
item feature vectors, making missing values contribute to
the learning of model parameters. Hence, to some extent,
this pair-wise learning method is able to alleviate the data
sparsity problem. (3) Although MLP and NeuMF apply the
point-wise methods to learning the latent representations of
users and items, they are generally superior to BPR. This
shows the strengths of the neural networks in capturing the
complex structure of users’ interactions. The performance
improvements of MLP and NeuMF over BPR demonstrate
that using the neural network to capture the nonlinear user-
item interaction relationships is beneficial for collaborative
filtering. (4) PFM outperforms PMF by a large margin and
achieves comparable performance to BPR. This observation
indicates that the Poisson factor model is more suitable for
modeling uses’ implicit frequency feedback than probabilistic
matrix factorization. Meanwhile, the overall performance of
PFM is worse than BPR. This is because PFM only uses
the observed feedback to learn the latent feature vectors,
suffering from the data sparsity issue. (5) NBPFM consis-
tently outperforms other methods, which demonstrates the
effectiveness of our proposedmodel for collaborative filtering
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Table 2: Performance comparison on Foursquare.

Metric PMF BPR MLP NeuMF PFM NRPFM
Precision@3 0.00530 0.10777 0.10843 0.11350 0.10492 0.12075
Precision@5 0.00497 0.09932 0.10053 0.10523 0.09294 0.10760
Precision@10 0.00467 0.08151 0.08173 0.08328 0.06450 0.08535
Recall@3 0.00111 0.02329 0.02388 0.02473 0.02306 0.02700
Recall@5 0.00184 0.03654 0.03730 0.03933 0.03574 0.04138
Recall@10 0.00356 0.06073 0.06128 0.06320 0.05082 0.06630

Table 3: Performance comparison on Gowalla.

Metric PMF BPR MLP NeuMF PFM NRPFM
Precision@3 0.00093 0.04442 0.04782 0.04883 0.04436 0.05320
Precision@5 0.00085 0.03656 0.03826 0.03848 0.03148 0.04167
Precision@10 0.00068 0.02796 0.02602 0.02673 0.01666 0.02800
Recall@3 0.00021 0.02115 0.02540 0.02693 0.02442 0.02817
Recall@5 0.00044 0.02753 0.03278 0.03343 0.02900 0.03537
Recall@10 0.00118 0.03950 0.04104 0.04265 0.03026 0.04337

Table 4: Performance of NBPFMwith different hidden layers on Foursquare.

Metric NBPFM-0 NBPFM-1 NBPFM-2 NBPFM-3 NBPFM-4
Precision@3 0.11656 0.11730 0.12378 0.12075 0.11885
Precision@5 0.10643 0.10764 0.11203 0.10760 0.10480
Precision@10 0.08530 0.08614 0.08968 0.08535 0.08475
Recall@3 0.02573 0.02550 0.02743 0.02700 0.02640
Recall@5 0.04003 0.04033 0.04183 0.04138 0.03910
Recall@10 0.06410 0.06485 0.06708 0.06630 0.00620

with implicit frequency feedback. Our proposed method
improves the Precision@3 of NeuMF by 6.4% and 8.9% on
Foursquare and Gowalla, respectively. In terms of Recall@3,
the improvements of NBPFMover NeuMF are 9.2%and 4.6%
on Foursquare and Gowalla, respectively. This observation
confirms our assumption that integrating the strengths of the
ranking-based poisson model in learning users’ preferences
ranking between items and neural networks in capturing
nonlinear user-item interaction relationships is able to boost
the recommendation quality. (6) All the compared methods
perform better on Foursquare than on Gowalla. The reason
is that Gowalla is more sparse than Foursquare. With the
dense user-item interactions, recommendation methods is
more able to accurately learn the latent user and item feature
vectors, resulting in better recommendation performance.

5.6. Sensitivity Analysis

5.6.1. Impact of the Depth of Neural Networks. In our pro-
posed method, we use the neural networks, i.e, MLP, to learn
the nonlinear interactions between the user and item feature
vectors from users’ implicit feedback. The depth of neural
networks is an important factor that affects the expressiveness
of neural networks. In the section, we conduct a group of
experiments to investigate the impact of the depth of neural
networks on the recommendation quality. We fix the size

of the last hidden layer as 8 and vary the depth of neural
networks from 1 to 4. For example, if the depth of neural
networks is 4, then the structure of neural networks is 8 →16 → 32 → 64, and the embedding size of user and item
is 64. Other parameters keep the same settings as described
in Section 5.4. We only present the experimental results
on Foursquare in Table 4 and the experimental results on
Gowalla show similar trends.

In Table 4, the NBPFM-𝑛 denotes the NBPFM method
with 𝑛 hidden layers. As demonstrated in Table 4, NBPFM
with different number of hidden layers consistently outper-
forms NeuMF. Moreover, it is not beneficial for NBPFM that
stack more hidden layers in MLP to learn the nonlinear
interaction functions between the latent user and item feature
vectors. A possible reason is that a deeper neural network
makes NBPFM have more trainable parameters, which are
relatively difficult to learnwith limited training data, resulting
in the degradation of recommendation performance. In
addition, for NBPFMwithout hidden layers, the performance
of NBPFM-0 is even better than that of NeuMF. NBPFM-0 can be viewed as a variant of the ranking-based poisson
factor model that utilizes the concatenation of user and
item embeddings to predict scores. This observation some-
how shows the effectiveness of our proposed ranking-based
Poisson factor model for collaborative filtering with implicit
frequency feedback.
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Figure 2: The impact of negative samples.

5.6.2. Impact of Negative Samples. In this section, we conduct
another group of experiments to investigate the impact of
negative samples on the recommendation quality. We vary
the number of negative samples for each positive one from
1 to 16 and observe the changes of recommendation quality.
We set the number of hidden layers to be 2 since NBPFM
achieves better performance under this settings, which is
shown in Table 4. And other parameters remain unchanged.
The experimental results ofNBPFMonFoursquare are shown
in Figure 2.

As indicated in Figure 2, our proposed neural personal-
izedmodel is sensitive to the number of negative samples.The
recommendation quality firstly improves as the number of
negative samples increases and then degrades as the number
of negative samples further increases. This indicates that
insufficient or too many negative samples may hurt the
recommendation performance of NBPFM. NBPFM achieves
the best performance when the number of negative samples
is around 8.

5.6.3. Impact of Parameters 𝛼𝑘 and 𝛽𝑘. In our proposed
method, parameters 𝛼𝑘 and 𝛽𝑘 control the shapes and scales
of the Gamma distributions, which are used to initialize
the user embedding matrix and the item embedding matrix.
We perform another group of experiments to evaluate the
sensitivities of 𝛼𝑘 and 𝛽𝑘, by changing the values of 𝛼𝑘 from
1 to 5 given 𝛽𝑘 = 0.2, or varying the values of 𝛽𝑘 from 0.1 to

0.5 given 𝛼𝑘 = 2. The experimental results of NBPFM with
respect to different 𝛼𝑘 and 𝛽𝑘 on Foursquare are plotted in
Figures 3 and 4, respectively.

As we can see, both 𝛼𝑘 and 𝛽𝑘 significantly affect the
performance of our proposed recommendation model. In
the case of 𝛼𝑘 with the fixed value 2, NBPFM performs
best when 𝛽𝑘 is around 0.2, further reducing or increasing
the value of 𝛽𝑘 leads to worse performance. In the case of
fixing the value of 𝛽𝑘 to be 0.2, NBPFM shows the similar
trends; i.e., all the evaluation metrics firstly move upwards
and then begin to drop down, when 𝛼𝑘 surpasses a certain
threshold. This observation indicates that NBPFM is also
sensitive to the initializations of the user embedding matrix
and the item embedding matrix, which initially encode the
user preferences and the item characteristics, respectively.

6. Conclusion and Future Work

In this paper, we propose a neural personalized ranking
model for collaborative filtering with implicit frequency
feedback, which integrates the ranking-based poisson factor
modelwith the neural networks.Wefirstly develop a ranking-
based Poisson factor model, which combines the Poisson
factormodel and the Bayesian personalized ranking tomodel
sparse implicit frequency feedback. The ranking-based Pois-
son factor model adopts a pair-wise learning method to learn
the rankings of preferences between items. Then, we utilize



Complexity 13

Foursquare

0.115
0.116
0.117
0.118
0.119

0.12
0.121
0.122
0.123

Pr
ec

isi
on

@
3

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

(a) Precision@3

Foursquare

0.106
0.1065

0.107
0.1075

0.108
0.1085

0.109
0.1095

0.11
0.1105

0.111

Pr
ec

isi
on

@
5

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

(b) Precision@5

Foursquare

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

0.083
0.084
0.085
0.086
0.087
0.088
0.089

0.09

Pr
ec

isi
on

@
10

(c) Precision@10

Foursquare

0.0245

0.025

0.0255

0.026

0.0265

0.027

Re
ca

ll@
3

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

(d) Recall@3

Foursquare

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

0.0398
0.04

0.0402
0.0404
0.0406
0.0408

0.041
0.0412
0.0414

Re
ca

ll@
5

(e) Recall@5

Foursquare

0.0635
0.064

0.0645
0.065

0.0655
0.066

0.0665
0.067

0.0675
0.068

0.0685

Re
ca

ll@
10

1.5 2 2.5 3 3.5 4 4.5 51
Ｅ

(f) Recall@10

Figure 3: The impact of 𝛼𝑘.
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Figure 4: The impact of 𝛽𝑘 .
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the neural networks to further extend the ranking-based
Poisson factor model, and propose a neural personalized
ranking model to capture the complex structure of user-
item interactions. The neural personalized ranking model
leverages the multilayer perceptron to learn the nonlinear
user-item interaction relationships and endows the linear
ranking-based Poisson factor model with a high level of non-
linearities. Experimental results on two real-world datasets
show that our proposed method outperforms the state-of-
the-art recommendation algorithms.

We only infer users’ preferences and items’ characteristics
from users’ implicit feedback. Since auxiliary information,
such as social relationships and user reviews, is beneficial
to recommendation algorithms, we plan to integrate these
auxiliary information into our proposed neural personalized
ranking model to boost the recommendation performance.
In addition, recent advances in deep learning, e.g., atten-
tion mechanism, graph convolutional neural network, and
generative adversarial network, have shown great potential
in the fields of natural language processing and computer
vision. Hence, applying the above deep learning techniques
to recommender systems would be an interesting direction.

Data Availability

The ZIP data used to support the findings of this study
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poidata.zip. The description of datasets is presented in
Section 5.1 of our manuscript.
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In this paper, we propose a novel deep model for unbalanced distribution Character Recognition by employing focal loss based
connectionist temporal classification (CTC) function. Previous works utilize Traditional CTC to compute prediction losses.
However, some datasets may consist of extremely unbalanced samples, such as Chinese. In other words, both training and testing
sets contain large amounts of low-frequent samples. The low-frequent samples have very limited influence on the model during
training. To solve this issue, we modify the traditional CTC by fusing focal loss with it and thus make the model attend to the
low-frequent samples at training stage. In order to demonstrate the advantage of the proposed method, we conduct experiments on
two types of datasets: synthetic and real image sequence datasets.The results on both datasets demonstrate that the proposed focal
CTC loss function achieves desired performance on unbalanced datasets. Specifically, our method outperforms traditional CTC by
3 to 9 percentages in accuracy on average.

1. Introduction

Recently, Deep Convolutional Neural Networks (DCNN)
have achieved great success in various computer vision tasks,
such as image classification and object detection [1–6]. Such
success is supposed to contribute to large-scale data, dropout
[7], and regularization [8–12] techniques. Image sequence
recognition, which can be regarded as a variant of object
detection, still remains challenging due to the difficulty in
detection sequence-like objects. Different from classification
and detection problems which predicts one label for an
entire image or a region, sequence recognition is required to
compute a sequence of labels for an input image, as shown in
Figure 1.

In such cases, we cannot readily apply Deep Convo-
lutional Neural (DCNN) Networks [13, 14] to sequence-
like recognition tasks since DCNN can only generate
label sequences in fixed lengthes depending on the input
sequences. This limitation constrains its application in scenes
that require to predict sequences of various length.

Traditional methods including [15, 16] are based on
a detection-recognition strategy. Individual characters are
firstly detected and then recognized to form a full sentence.

However, detecting a single character is challenging especially
for Chinese words. Different from English, a lot of Chinese
words are composed of structural parts in left-right order.
This phenomenon restricts the application of detection-
recognition methods.

A commonly used method is by overcutting the input
sequence into slices and recognizing them through recurrent
neural networks (RNN). Compared with the aforementioned
detection-recognition methods, this method cuts them into
many slices before feeding them into a RNN based recog-
nition model. Due to the great power of remembering
past information, it is not required to locate characters
for RNN models. The final results are predicted by fusing
memories into current state information. There is another
challenge for Chinese image-based sequence recognition, i.e.,
the unbalance of training set. Different from small lexicon
language datasets, large lexicon language datasets, such as
Chinese, suffer from severe unbalanced sample distribution.
Most words except for the small part are rarely used in
everyday scenes. In this paper, we refer to the commonly used
samples as easy samples and others as hard samples.

Existing methods for sequence recognition can be clas-
sified into two branches: seq2seq fashion [17, 18] and CTC
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Figure 1: Distinct from object detection which aims to locate and recognize important objects, sequence detection is required to output a
sequence of labels in various length. However, the prediction could be challenging if the distribution of labels is unbalanced.

loss function based models [19]. None of the above works
take unbanlanced datasets into consideration, especially
in Chinese image-based sequence recognition tasks. The
unbanlance of a dataset will result in severe overfitting for
easy samples and underfitting for hard samples. In order to
remedy the unblance problembetween easy and hard samples
during training, we propose focal CTC loss function to
prevent the model from forgetting to train the hard samples.
To the best of our knowledge, this is the first work attempting
to solve the unbalance problem for sequence recognition.

2. Related Work

2.1. Text Recognition Based on Manually Designed Image
Features. Previous work mainly focuses on developing a
powerful character classifier with manually designed image
features. Wang proposed a HoG feature with random ferns
developed for character classification in [20]. Neumann pro-
posed new oriented strokes for character detection and clas-
sification in [21]. Manually designed image features always
are confined to low-level which limits the performance.
Lee developed a mid-level representative of characters with
a discriminative feature pooling in [22]. Yao developed a
mid-level feature named Strokelets to describe the parts of
characters in [23]. Other interesting works brought insightful
ideas by proposing to embed word images in a common
vectorial subspace and convert word recognition into a
retrieval problem [24, 25]. Some works take advantages of
RNN which extract a set of geometrical or iamge features
fromhandwritten texts into a sequence of image features [26].
Some other approaches [27] treat scene text recognition as an
image classification problem and assign a class label to each
English word (90K words in total).

2.2. CTC Loss Function Based Sequence Recognition. Con-
nectionist Temporal Classification (CTC) is proposed in
[19], which presents a CTC loss function to train RNNs

to label unsegmented sequences directly. CTC is widely
used for speech recognition [28, 29]. In this paper, we
focus on applying CTC in image-based sequence recognition
applications. Graves proposed the first attempt to combine
recurrent neural networks and CTC for off-line handwriting
recognition in [30]. After the revival of neural networks,
deep convolutional neural networks have been devoted to
image-based sequence recognition. Hasan applies Bidirec-
tional Long-Short TermMemory (BLSTM) architecture with
CTC to recognize printed Urdu texts [31]. Shi proposed a
novel neural network architecture, which integrates feature
extraction, sequence modeling, and transcription into a
unified framework [32, 33]. Deep TextSpotter [34] trains both
text detection and recognition in a single end-to-end pass.
He developed a Deep-Text Recurrent Network (DTRN) that
regards scene text reading as a sequence labeling problem
[35].

2.3. Seq2seq Based Sequence Recognition. seq2seq and atten-
tion frameworks are prevalent in machine translation
research [36]. Recently, such frameworks are adopted for
image-based sequence recognition. Ba proposed a deep
recurrent neural network trained with reinforcement learn-
ing to attend to the most relevant regions of an input image
and the model learns to both localize and recognize multiple
objects despite being given only class labels during train-
ing [37]. Lee presents recursive recurrent neural networks
with attention modeling for lexicon-free optical character
recognition in natural scene images [18]. Xu introduced an
attention based model that automatically learns to describe
the content of images [38]. Another interesting work is
Spatial Transformer Networks [39], which introduce a new
learnable module, the Spatial Transformer. It explicitly allows
the spatial manipulation of data within the network. Focal
loss was proposed to address class imbalance by reshaping the
standard cross entropy loss such that it downweights the loss
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Figure 2: The network architecture.The architecture consists of three parts: convolutional layers, which extract a feature sequence from the
input image; recurrent layers, which predict a label distribution for each frame; transcription layer, which translates the per-frame predictions
into the final label sequence.

assigned to well-classified examples in an object detection
framework [40]. Lee presents recursive recurrent neural
networks with attention modeling (R2AM) for lexicon-free
optical character recognition in natural scene images [41].

3. Architecture

We design our model by extending the architecture proposed
by [32], which consists of three components: convolutional,
recurrent, and transcription layers. The overview of the
architecture is illustrated in Figure 2. We adopt the Residual
Network in [42], which contains 51 layers as the convolutional
layers and bidirectional Long-Short TermMemory [43–45] as
the recurrent layers. The transcription layer is mainly based
on CTC or our focal CTC function.

Similar to many CNN based Computer Vision applica-
tions, the convolutional layers are employed for generating
feature maps of the given image. As has been already demon-
strated by some detection literatures, such as Fast-RCNN
and Faster-RCNN, it is possible to locate and recognize
objects with feature maps from a pretrained CNN model.
Hence, this strategy can be readily adopted by image-based
sequence recognition task. Specifically, we first overcut the
feature maps into multiple slices. Each slice can be regarded
as a representation of a bounding box. These slice feature
maps form a fix-length sequence. Then we feed this sequence
into a RNN-based layer to predict variable-length label
sequence. Note that the deep structure of ResNet is able to
provide enough receptive field for a small area that cover the
corresponding character. So RNN is not necessary for image-
based sequence recognition mission. Despite this fact, we still
utilize LSTM to predict label sequences due to its excellent
ability in retaining and discarding previous information. The
transcription layer is responsible for translating the output of
hidden unit of LSTM to labels and finding the label sequence
that has the highest probability conditioned on the per-slice
predictions. We employ a fully connection layer to interface
with the output of LSTM hidden units. Then we calculate
the probability of each label through a softmax layer. Finally,
we calculate the CTC loss through our focal loss based CTC

layer with the predicted and ground truth label sequences as
input.

3.1. Feature Extraction. In order to obtain a suitable repre-
sentation of a given image, many CV models use pretrained
CNN to generate feature maps. In fact, one of the advantages
for CNNs over other traditional feature extracting methods
is that they can capture local textures by different filters.
For this reason, a well-trained CNN model can be readily
adopted by image sequence recognition tasks. In our case,
we use Residual Network, known as ResNet, to extract visual
feature maps. It is first proposed by He et al. in [42] to solve
classification problems andwon 1st places on the tasks of Ima-
geNet detection, ImageNet localization, COCO detection,
and COCO segmentation. Compared with other previously
proposed deep CNN models, ResNet has deeper layers but
low complexities. The elegant performance of ResNet should
be contributed to the introduction of deep residual learning
framework.Webriefly illustrate this structure in Figure 3.The
formulation of residual learning can be viewed as inserting
shortcut connections into a plain feed-forward network. In
fact, shortcut connections simply perform identity mapping
and their outputs are added to the outputs of the following
layers (Figure 3). Supposing that the input of residual learning
block is denoted as𝑋, the learning process can be formulated
as optimising a residual function 𝐹(𝑥):

𝐹 (𝑋) fl 𝐻(𝑋) − 𝑋 (1)

where𝐻(⋅) denotes an underlyingmapping to be fit by several
stacked layers. Note that the size of 𝑋 should be consistent
with the output of𝐻(⋅).

In our experiments, the Residual Network consists
of four bottleneck blocks: 9(𝑙𝑎𝑦𝑒𝑟𝑠) × 16(𝑓𝑖𝑙𝑡𝑒𝑟𝑠),
12(𝑙𝑎𝑦𝑒𝑟𝑠) × 32(𝑓𝑖𝑙𝑡𝑒𝑟𝑠), 18(𝑙𝑎𝑦𝑒𝑟𝑠) × 64(𝑓𝑖𝑙𝑡𝑒𝑟𝑠), and
9(𝑙𝑎𝑦𝑒𝑟𝑠) × 128(𝑓𝑖𝑙𝑡𝑒𝑟𝑠). Between two connected bottleneck
blocks, a 1 × 1 filter shortcut is inserted to align the filter
dimension.

We take the output of the last CNN layer of ResNet as
feature maps that correspond to the entire image. We overcut
this feature map into slices. Similar to Fast RCNN or Faster
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Figure 4: A schematic illustration of a LSTM neuron. Each LSTM neuron has an input gate, a forget gate, and an output gate.

RCNN, each slice contains information of a local area of the
original image.

3.2. Label Sequence Prediction. Based on feature maps of
image slices, we predict label sequence based on a bidi-
rectional LSTM network. RNN [43] is a class of neural
networks for efficient modeling dynamic temporal behavior
of sequences through directed cyclic connections between
units. Each unit is able to retain internal hidden states which
are considered to contain information of previous ones.
Generally speaking, RNN can be viewed as an extension of
hidden Markov models. In spite of the advantages in dealing
with sequential signals, traditional RNNunit suffers from the
vanishing gradient problem[46], which limits the range of
context it can store and thus makes training process difficult.
To solve this issue, Long-Short Term Memory(LSTM), a
variant of RNN, is proposed. It is capable of capturing long
and short term temporal dependencies than traditional RNN
unit. Specifically, LSTM extends RNN by adding three gates
to the RNNneuron: a forget gate 𝑓 controlling to what extent

the current information is supposed to be retained; an input
gate 𝑖 to decide how much effect the current input should
have on the hidden state; an output gate 𝑜 to constrain the
information of current memory which is available to output
the hidden state. These gates enable LSTM to solve long-term
dependency problems in sequence recognition tasks. More
importantly, LSTM is easier to optimize as these gates help
the input signal to effectively propagate through the recurrent
hidden states ℎ(𝑡) without affecting the output. Figure 4 is a
schematic illustration of a LSTM unit. LSTM also alleviates
the gradient vanishing or exploding issues of RNN [47]. In
our case, we formulate the operation of a LSTM unit in
(8a). For convenience, we omit the indication of forward or
backward layers.

𝑓𝑡 = 𝜎 (𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (2a)

𝑖𝑡 = 𝜎 (𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2b)

𝐶𝑡 = tanh (𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) (2c)

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡 (2d)
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𝑜𝑡 = 𝜎 (𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (2e)

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶 − 𝑡) (2f)

where 𝜎 is the sigmoid activation function, which calculates
probabilities for all gates. 𝑓𝑡, 𝑖𝑡, 𝑜𝑡 represent the forget gate,
input gate, and output gate at 𝑡th step, respectively. 𝐶𝑡, 𝐶𝑡−1
store information of current and last cell state. ℎ𝑡, ℎ𝑡−1
represent the hidden units of the two successive steps.𝑊∗ and𝑏∗ are the weights and bias, which transform two vectors into
one common space. In the literature [48], rectified linear units
(ReLU) are also employed as the activation function.

In our case, the label sequence is predicted through a
Bidirectional LSTM. The size of hidden unit is 128. Each
label is calculated by fusing hidden state of forward and
backward hidden layers. At the 𝑡th step, ℎ𝑓𝑡 and ℎ𝑏𝑇−𝑡 are
combined through a concatenate layer followed by a full-
connect layer. The final results, which take the form of
probability distributions, are obtained through a softmax
layer.

4. Transcription

Transcription is used to convert the predictions of each slice
made by the Bidirectional LSTM into a label sequence. In
this section, we first briefly review the definition of CTC
loss and then introduce our proposed focal CTC loss. The
CTC loss function, which is first proposed in [19], aims to
model the conditional probability of label sequences given
probability distribution of each predicted label. In essence, a
CTC layer is supposed to be a kind of loss functions rather
than a network layer. For this reason, the terminology of
CTC layer is not accurate andmay lead tomisunderstandings
about CTC.The focal CTC loss function ismainly inspired by
the focal strategy in object detection applications. The main
contribution of this paper is that by employing focal strategy,
CTC loss function can be more effective in optimising the
entire model.

4.1. Probability of Label Sequences. Let R and L be a real
number set and a label set, respectively, which are always
named as lexicon. Let X = R𝑚×𝑡 be the feature space of the
input, and Y = L𝑠 be the label space, where superscripts
𝑚, 𝑡, 𝑠 represent feature dimension, sequence time, and label
length, respectively. Following the previousmethod, the input
is overcut into slices. Each slice is supposed to contain a
fraction of some single label characters, implying 𝑡 ≥ 𝑠.
CTC loss function can be regarded as modeling the joint
probability distribution over X and Y, which is denoted as
DX×Y.

A CTC loss function has an input of a softmax layer [49].
We add a blank label B to L and hence obtain a new label
L+ = L ∪ {B}. An input sequence x ∈ R𝑚×𝑇 is transformed
to another sequence y ∈ L+

𝑇 through the softmax layer. We
denote activation of output unit 𝑘 at time 𝑡 as 𝑦𝑡𝑘. Then 𝑦𝑡𝑘
is interpreted as the probability of observing label 𝑘 at time
𝑡, which defines a distribution over the set L+𝑇 of length 𝑇
sequences of the lexicon L+ = L ∪ {B}. Reference [19] refers

to the elements of L+𝑇 as paths and denotes them as 𝜋. We
assume that the distribution of the outputs of the network is
conditionally independent.Then the probability of path𝜋 can
be expressed as follows:

𝑃 (𝜋 | 𝑥) =
𝑇

∏
𝑡=1

𝑦𝑡𝜋𝑡 (3)

A sequence-to-sequence mapping function B is defined
on sequence 𝜋 ∈ L+

𝑇. B maps 𝜋 onto 𝑙 by firstly
removing the repeated and blank labels. For example,Bmaps
“B1BB1B220” onto “1120”.The conditional probability is then
calculated through summing probabilities of all 𝜋 that are
mapped byB onto 𝑙:

𝑃 (𝑙 | y) = ∑
𝜋:B(𝜋)=𝑙

𝑝 (𝜋 | y) (4)

The time complexity of the naive way to compute the
conditional probability of (4) is exponential as 𝑠𝑖𝑧𝑒𝑜𝑓(L+)𝑇
paths exist. Reference [19] provides an efficient dynamic pro-
gramming algorithm to compute the conditional probability.
The CTC loss is obviously differentiable since the conditional
probability 𝑃(𝑙 | y) only contains addition and multiplication
operations.

4.2. Focal CTC Loss. In [40], the cross entropy of focal loss is
defined as follows:

𝐹𝐿 (𝑝𝑡) = −𝛼𝑡 (1 − 𝑝𝑡)𝛾 log (𝑝𝑡) (5)

where 𝑝𝑡 is the probability of ground truth in the softmax
output distribution. 𝛼 and 𝛾 are hyperparameters used to
balance the loss. An intuitive understanding of the focal loss
is that it can be viewed as multiplying cross entropy by 𝛼𝑡(1 −𝑝𝑡)𝛾 (the minis belong to cross entropy: −log(𝑝𝑡)). It is easy
to find that the closer 𝑝𝑡 approaches to 1, the smaller the
focal loss will be. So the focal loss will reduce the effect of
examples but pay more attention to hard negative samples
during training.

With the focal theory, we redefine our focal CTC loss as
follows:

𝐹 𝐶𝑇𝐶 (𝑙 | y) = −𝛼𝑡 (1 − 𝑃 (𝑙 | y))𝛾 log (𝑃 (𝑙 | y)) (6)

where (𝑃(𝑙 | y) is the conditional probability mentioned
above. The negative log function converts the optimization
process from a maximization problem to a minimization
problem in order to adopt gradient decent algorithm. In this
way, we can focus our loss on undertrained samples and
“ignore” overtrained samples.

5. Evaluation

5.1. Datasets. In this section, we evaluate the focal CTC
loss on both synthetic and real datasets. We establish two
synthetic datasets by concatenating 5 MNIST [13] images
which are resized to 32 × 32 in y-axis to a long image with
a resolution of 32×160. We split the alphabet “0−9𝑎−𝑧” into
two subalphabets “0−9𝑎−ℎ” and “𝑖−𝑧”with the same size.The
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Figure 5: We provide distribution of labels for both two synthetic datasets. Each bar represents the frequency of two characters. For example,
the first bar of (a) represents how many 0 and 1 exist in dataset with unbalance ratio 10 : 1.

first datasetwith a unbalance ratio of 10:1 consists of two parts,
one containing 1,000,000 long imageswhich are concatenated
by 5 images randomly sampling from “0 − 9𝑎 − ℎ” and the
other one containing 100,000 long images concatenated by
5 images randomly from “𝑖 − 𝑧”. The second dataset with
an unbalance ratio of 100:1 consists of 1,000,000 long images
which are concatenated by 5 images randomly sampling from
“0−9𝑎−ℎ” and 10,000 long images concatenated by 5 images
randomly from “𝑖 − 𝑧”. We use a dataset containing 10,000
images to test the accuracy. The ratio of high-frequency and
low-frequency characters we used in training phrase is set to
be 1 : 1. We present label distribution of both datasets in
Figure 5.

We also test the focal CTC loss on a real Chinese-ocr
dataset [50], which consists of 3,607,567 training and 5,000
test samples. Each of them is a 32 × 280 pixel image with
a 10- -Chinese-character label. The frequencies of words are
illustrated in Figure 6.

5.2. Training Strategy Evaluation Metrics. We implement our
focal loss function in tensorflow framework, which is known
as a flexible architecture supporting complex computations
in machine learning and deep learning. A typical CTC loss
function can be formulated as follows:

𝑓𝐶𝑇𝐶 𝑙𝑜𝑠𝑠 (𝑙, 𝑦, 𝑠) = − log (𝑃 (𝑙 | y)) (7)

where 𝑙 and 𝑦 denote label sequences from ground truth and
output by RNN units, respectively. Both are constrained in
length by an integer scalar 𝑠. This function has already been
implemented in Tensorflow framework. So we first easily
compute 𝑃(𝑙 | 𝑦) by calling (7) defined in TF. Then we
calculate focal loss according to (5). We summarize the entire
process as follows:

𝑐𝑡𝑐 𝑙𝑜𝑠𝑠 = 𝑓𝐶𝑇𝐶𝑙𝑜𝑠𝑠 (𝑙, 𝑦, 𝑠) (8a)
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Figure 6: We provide distribution of labels for Chinese-ocr dataset.
The first bar represents the most 300 frequently used words in
dataset. Obviously,most Chinesewords only account for a small part
of all words.

𝑝 = 𝑒−𝑐𝑡𝑐 𝑙𝑜𝑠𝑠 (8b)

𝑓𝑜𝑐𝑎𝑙𝑙𝑜𝑠𝑠 = 𝛼 × (1 − 𝑝)𝛾 × 𝑐𝑡𝑐 𝑙𝑜𝑠𝑠 (8c)

Before we train our model, we set the learning rate and
batch size to be 0.001 and 128, respectively. All parameters
except CNN are initialized by sampling from a Gaussian
distribution. The weights of CNN are copied from ResNet
and kept unchanged during training. We optimise our
model using stochastic gradient descent (SGD)withNesterov
momentum [51] set to be 0.9. We run all the experiments on
a single NVIDIA M40 GPU. The entire training process is
described in Algorithm 1.

We evaluate of our model in terms of two metrics: the
naive accuracy and soft accuracy. The naive one means that
the predicted sequence can only be recognized as positive
when it is just the same as the ground truth.The soft accuracy
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Require Parameters of RNN:Θ, learning rate 𝜏 = 0.001, batch size 𝐵 = 128
1: for 𝑖 = 1; 𝑖 < 𝑚𝑎𝑥 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛; 𝑖 + + do
2: 𝑉 = 𝑔𝑒𝑡𝐵𝑎𝑡𝑐ℎ(𝑡𝑟𝑎𝑖𝑛 𝑠𝑒𝑡𝑚, 𝐵);
3: 𝑙𝑜𝑔𝑖𝑡𝑠 = 𝐹𝑜𝑟𝑤𝑎𝑟𝑑(𝑉);
4: 𝑐𝑡𝑐 𝑙𝑜𝑠𝑠 = 𝑡𝑓.𝑛𝑛.𝑐𝑡𝑐 𝑙𝑜𝑠𝑠(𝑙𝑎𝑏𝑒𝑙𝑠, 𝑙𝑜𝑔𝑖𝑡𝑠)
5: 𝑝 = 𝑡𝑓.𝑒𝑥𝑝(−𝑐𝑡𝑐 𝑙𝑜𝑠𝑠)
6: 𝑓𝑜𝑐𝑎𝑙 𝑙𝑜𝑠𝑠 = 𝛼 × (1 − 𝑝)𝛾 × 𝑐𝑡𝑐 𝑙𝑜𝑠𝑠
7: ∇𝑓𝑜𝑐𝑎𝑙 𝑙𝑜𝑠𝑠(Θ) = 𝐵𝑎𝑐𝑘𝑤𝑎𝑟𝑑(𝑉, 𝑓𝑜𝑐𝑎𝑙 𝑙𝑜𝑠𝑠);
8: Θ𝑖 = Θ𝑖−1 − 𝜏( 1𝐵∇𝑓𝑜𝑐𝑎𝑙 𝑙𝑜𝑠𝑠 (Θ))
9: end for

Algorithm 1: Focal CTC implemented in tensorflow.

Table 1: Dataset with unbalance ratio 100:1.

𝛼 𝛾 accuracy HF LF
CTC 0.538 0.739 0.337

0.99 0.5 0.587 0.753 0.421
0.99 1 0.531 0.765 0.296
0.99 2 0.511 0.742 0.280
0.75 0.5 0.628 0.755 0.501
0.75 1 0.538 0.709 0.368
0.75 2 0.501 0.704 0.297
0.5 0.5 0.525 0.741 0.310
0.5 1 0.500 0.731 0.269
0.5 2 0.504 0.722 0.287
0.25 0.5 0.614 0.731 0.498
0.25 1 0.590 0.728 0.451
0.25 2 0.508 0.685 0.331

Table 2: Dataset with unbalance ratio 10:1.

𝛼 𝛾 accuracy HF LF
CTC 0.657 0.711 0.603

0.99 0.5 0.667 0.721 0.613
0.99 1 0.636 0.729 0.543
0.99 2 0.703 0.745 0.662
0.75 0.5 0.684 0.709 0.659
0.75 1 0.641 0.715 0.567
0.75 2 0.631 0.716 0.546
0.5 0.5 0.667 0.741 0.593
0.5 1 0.680 0.722 0.638
0.5 2 0.682 0.728 0.635
0.25 0.5 0.723 0.753 0.694
0.25 1 0.724 0.751 0.697
0.25 2 0.707 0.763 0.650

refers to tolerating an edit distance of 1 from prediction to
label. The edit distance between two sequences 𝑝 and 𝑞 is
defined as the minimum number of insertions, substitutions,
and deletions required to change 𝑝 into 𝑞.

5.3. Results. Results for various 𝛼 and 𝛾 are shown in Tables 1
and 2 for the synthetic dataset with unbalanced ratios 100:1

and 10:1, respectively. The best gains of the two datasets,
as highlighted in bold in Tables 1 and 2, are 9% and 6.7%,
respectively. Moreover, the focal CTC not only improves the
Low-frequency accuracy, which is a natural result, but also
enhances the High-frequency accuracy in the 10:1 dataset.
The improvement for 100:1 dataset is mainly due to the
enhancement of Low-frequency data. However some choices
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Table 3: Real dataset.

𝛼 𝛾 accuracy soft accuracy
CTC 0.723 0.926

0.99 0.5 0.730 0.933
0.99 1 0.764 0.946
0.99 2 0.631 0.913
0.75 0.5 0.692 0.918
0.75 1 0.724 0.926
0.75 2 0.704 0.930
0.5 0.5 0.733 0.936
0.5 1 0.655 0.908
0.5 2 0.641 0.913
0.25 0.5 0.759 0.937
0.25 1 0.690 0.926
0.25 2 0.667 0.919
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Figure 7:The comparison of convergence speed for different 𝛾 of real data with the same 𝛼 = 0.99.

of 𝛼 and 𝛾 perform poor bad such as 𝛼 = 0.5, 𝛾 = 2 𝛼 =
0.75, 𝛾 = 2 and 𝛼 = 0.5, 𝛾 = 1 for 100:1 dataset. For
𝛼 = 0.75, accuracy of High-frequency drops dramatically.
As for 𝛼 = 0.5, accuracy of Low-frequency is not so good.
The accuracy of 10:1 dataset achieves promising results for
both High-frequency and Low-frequency samples. Similarly,
the same issue occured in 100:1 dataset. In addition, some
choices of 𝛼 and 𝛾 also result in poor performance such as
𝛼 = 0.99, 𝛾 = 1 𝛼 = 0.75, 𝛾 = 1, and 𝛼 = 0.75, 𝛾 = 2.

However, a bad choice of 𝛼 and 𝛾 would impair the
accuracy as finding that 𝛼 = 0.25, 𝛾 = 0.5 achieves an exiting
promotion of at least 5% on both datasets, despite the exis-
tence of both High-frequency and Low-frequency data. We
highlighted these results in bold italic font in Tables 1 and 2.

We present the results on the real dataset in Table 3. The
best improvement of accuracy, as highlighted in bold, is 4.1%.

This is an exciting improvement for a real life application.
Additionally, we observe that 𝛼 = 0.25, 𝛾 = 0.5 makes a
promotion of 3.6%which is also a considerable enhancement.

In order to observe the convergence situation for different
𝛾, we plot the test Accuracy and Soft Accuracy by changing
curve of the real dataset for 𝛼 = 0.99. We can see that,
for all training process, the focal CTC loss of 𝛾 = 0.5
achieves the best convergence ratio for both the Accuracy and
Soft Accuracy, as shown in Figure 7. The focal CTC loss of
𝛾 = 2 performs bad all the time.

With the above results on both the synthetic and real
datasets, we can conclude that the focal CTC loss with
𝛼 = 0.25, and 𝛾 = 0.5 gives a considerable improvement
compared with the CTC loss. Some other choices of 𝛼 and
𝛾 may achieve more considerable enhancement. So in real
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Figure 8: We present prediction results of Chinese word in (a). We also show some examples of synthetic datasets with unbalance ratios
10 : 1 and 100 : 1 in (b) and (c), respectively.

life applications, we can choose 𝛼 = 0.25 and 𝛾 = 0.5 for
unbalanced datasets.

5.4. Qualitative Results. We provide some examples of both
synthetic and real datasets in Figure 8. The sequences pre-
dicted by CTC or focal CTC are marked in red and green,
respectively. All images are sampled from test split. Generally,
the prediction is obviously improved with focal CTC loss
employed. Due to the extreme unbalance of distribution in
Chinese words, it can be seen from Figure 8(a) that some
uncommonly used words can not effectively be detected by
CTC based model but by our proposed focal CTC based
model. As for synthetic dataset, it is interesting that CTC
and focal CTC both work well for 10:1 dataset. However,
the performance of CTC drops in case that we make the
distribution of characters more unbalanced.

6. Conclusion

In this paper, we propose a focal CTC loss function,
which can balance the loss between easy and hard samples

during training. We test various hyperparameters 𝛼 and 𝛾
on both the synthetic and real datasets. The results show
that setting 𝛼 = 0.25 and 𝛾 = 0.5 achieves a considerable
improvement for both the synthetic and real dataset. Besides,
we also point out that some choices may result in bad
performance. To some extent, our proposed focal CTC loss
function alleviates the unbalance of big lexicon sequence
recognition.
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Visual tracking is still a challenging task due to occlusion, appearance changes, complex motion, etc. We propose a novel RGB-D
tracker based on multimodal deep feature fusion (MMDFF) in this paper. MMDFF model consists of four deep Convolutional
Neural Networks (CNNs): Motion-specific CNN, RGB- specific CNN, Depth-specific CNN, and RGB-Depth correlated CNN.The
depth image is encoded into three channels which are sent into depth-specific CNN to extract deep depth features.The optical flow
image is calculated for every frame and then is fed to motion-specific CNN to learn deep motion features. Deep RGB, depth, and
motion information can be effectively fused atmultiple layers viaMMDFFmodel. Finally, multimodal fusion deep features are sent
into the C-COT tracker to obtain the tracking result. For evaluation, experiments are conducted on two recent large-scale RGB-D
datasets and results demonstrate that our proposed RGB-D tracking method achieves better performance than other state-of-art
RGB-D trackers.

1. Introduction

Asone of themost fundamental problems in computer vision,
visual object tracking, which aims to estimate the trajectory
of a object in a video, has been successfully addressed in
numerous applications, including intelligent traffic control,
artificial intelligence, and autonomous driving [1–3]. Despite
the research on visual object tracking has made outstanding
achievements, many challenges remain when seeking to track
objects effectively in practice. For example, it is still quite
difficult to track objects when occlusion occurs frequently,
appearance changes, the motion of object is complex, and
illumination varies [4–6].

The major drawback of the tracking methods only using
RGB data is that they are not robust to appearance changes.
Thanks to the availability of consumer-grade RGB-D sen-
sors, such as Inter RealSense, Microsoft Kinect, and Asus
Xtion, more accurate depth information of objects can be

obtained to revisit the existing problems of tracking [7, 8].
Compared with RGB data, the RGB-D data can remarkably
improve the performance of tracking due to the access to
the depth information complementary to RGB [9].The depth
information is invariant to illumination or color variations
[10, 11] and can provide geometrical cues and spatial structure
information; thus it shows powerful benefits in visual object
tracking. However, how to effectively utilize the depth data
provided by RGB-D sensors is still a challenging issue.

However, RGB and depth only encode static information
from a single frame so that tracking often fails when the
motion of object is complex.Under these circumstances, deep
motion features can provide high-level motion information
to distinguish the target object [12–14]. The dynamic infor-
mation can be captured by deepmotion features, and that will
be complementary to static features extracted from RGB and
depth image.
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Ourmotivation is to design a RGB-D object tracker based
on multimodal deep feature fusion. Specific emphasis of this
paper is placed on exploring three scientific questions: how
to fuse deep motion features with static features provided by
RGB and depth image; how to fuse the deep RGB and depth
features sufficiently; how to effectively derive geometrical
cues and spatial structure information from depth data. In
summary, the key technical contributions of this study are
three-fold:

(i) A novel MMDFFmodel is designed for RGB-D track-
ing, including four deep CNN:motion-specific CNN,
RGB- specific CNN, Depth-specific CNN, and RGB-
Depth correlated CNN. InMMDFF, we can fuse RGB,
depth, and motion information at multiple layers via
CNN effectively. The proposedmethod can separately
extract RGB and depth features by using RGB-specific
CNNandDepth-specificCNNand adequately exploit
the correlated relationship between RGB and depth
modality by using RGB-Depth correlated CNN. At
the same time, Motion-specific CNN can provide an
important high-level information about motion for
tracking.

(ii) The depth image is encoded into three channels:
horizontal disparity, height above ground, and angle
with gravity. Then, the three channel images are sent
into depth-specific CNN to extract deep depth fea-
tures. The strong correlation between RGB and depth
modality can be learnt by RGB-Depth correlated
CNN. In contrast to only using depth information
as one channel in many existing RGB-D trackers,
we can obtain more useful information for tracking,
such as geometrical features and spatial structure
information, by encoding the depth image into three
channels.

(iii) To evaluate the performance of our proposed RGB-D
tracker, we conduct extensive experiments on the two
recent challenging RGB-D benchmark datasets: the
large-scale Princeton RGB-D Tracking Benchmark
(PTB) Dataset [13] and the University of Birmingham
RGB-D Tracking Benchmark (BTB) [15]. The exper-
imental results show that our proposed approach is
superior to the state-of-the-art RGB-D trackers.

The remainder of this paper is organized as follows. The
related work is discussed in Section 2. Section 3 describes
the overview and the details of our proposed method. In
Section 4, we demonstrate experimental results to evaluate
our proposed RGB-D tracker. We conclude our work in
Section 5.

2. Related Work

2.1. RGB-D Object Tracking. With the emergence of RGB-D
sensors, there has been great interest in visual object tracking
using RGB-D data [15–17] to improve tracking performance
since depthmodality can provide useful information comple-
mentary to RGB modality.

ARGB-D trackingmethod using depth scaling kernelised
correlation filters and occlusion handling was proposed in
[18]. In [19], authors used Haar-like features and HOG
features based on RGB and depth to form a boosting tracking
approach. Zheng et al. [20] presented an object tracker based
on sparse representation of depth image. Hannuna et al.
proposed a RGB-D tracker built upon the KCF tracker,
they exploit depth information to handle scale changes,
occlusions, and shape changes.

Although the existing RGB-D trackers have made great
contributions to promote RGB-D tracking, most of them
used hand-crafted features and fused simply RGB and depth
information, ignored the strong correlation between RGB
and depth modality.

2.2. Deep RGB Features. Owing to the superiority in feature
extraction, CNN has been increasingly used in RGB trackers
[21, 22]. The CNN includes a number of convolutional layer,
pooling layer, and fully connected layer; the features at
different layers have different properties. The higher layers
can capture the senmantic features and the lower layers can
capture the spatial features, and they are both important in
the tracking problem [23, 24].

In [25], Song et al. proposed the CREST algorithm, which
treated the correlation filter as one convolutional layer and
applied residual learning to capture appearance changes. C-
COT was presented in [26], which employed an implicit
interpolation model to solve the learning problem in the
continuous spatial domain. Zhu et al. [27] proposed a tracker
named UCT, which designed an end-to-end framework to
learn the convolutional features and perform the tracking
process simultaneously.

All these trackers only considered that RGB appearance
deep features in current frame cannot benefit from geomet-
rical features extracted from depth image and interframe
dynamic information. Thus, it is important to get rid of this
problem by fusing deep features from RGB-D data and deep
motion features.

2.3. Deep Depth Features. In the recent years, deep depth
features have received a lot of attention in object recognition
[28, 29], object detection [30, 31], indoor semantic segmenta-
tion [32, 33], etc. Unfortunately, few existing RGB-D trackers
use CNN to extract deep depth features to improve the
tracking performance. In [34], Jiang et al. proposed a RGB-
D tracker based on cross-modality deep learning, in which
Gaussian-Bernoulli deep BoltzmannMachines (DBMs) were
adopted to extract the features of RGB and depth image. As
far as the drawbacks of DBMs are concerned, one of the most
important ones is the high computational cost of inference.

In recent years, CNN has witnessed great success in
computer vision. In this context, we will focus on how to use
CNN to fuse deep depth feature with deep RGB and motion
features effectively for RGB-D tracker.

2.4. Deep Motion Features. Deep motion feature has been
successfully applied for action recognition [35] and video
classification [36], but it is rarely applied to visual tracking.
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Figure 1: Our MMDFF model for RGB-D Tracking.

Most existing tracking methods only extract appearance fea-
tures, ignore motion information. In [37], Zhu et al. proposed
an end-to-end flow correlation tracker, which focuses on
making use of the rich flow information in consecutive
frames to improve the feature representation and the tracking
accuracy. Danelljan [38] investigated the influence of deep
motion features in a RGB tracker. But they have not taken
depth information into account.

To the best of our knowledge, deep motion features are
yet to be applied for RGB-D tracking. In this paper, we
will discuss how to fuse deep motion features with RGB
appearance features and geometrical features provided by
depth image to improve the performance of RGB-D tracking.

3. RGB-D Tracking Based on MMDFF

3.1. Multimodal Deep Feature Fusion (MMDFF) Model. In
this section, a novel MMDFF model is proposed for RGB-
D tracking aiming at fusing deep motion features with
static appearance and geometrical features provided by RGB
and depth data. The overall architecture of our approach
is illustrated as Figure 1, and our end-to-end MMDFF
model is composed of four deep CNN:motion-specific CNN,
RGB-specific CNN, depth-specific CNN, and RGB-Depth
correlated CNN. A final fully connected (FC) fusion layer is
proposed to effectively fuse deep RGB-D features and deep
motion features; then the fused deep features are sent into
the C-COT tracker, and the tracking result can be obtained
at last.

As described in Section 1, CNN has been shown to signif-
icantly outperform traditional machine learning approaches
in a wide range of computer vision tasks. It has been widely
acknowledged that CNN features extracted from different

layers play different important roles in the tracking. A lower
layer captures spatial detailed features, which is helpful
to precisely localize the target object; at the same time,
a higher layer provides semantic features which is robust
to occlusion and deformation. In our MMDFF model, we
separately adopt hierarchical convolutional features extracted
from RGB-specific CNN and depth-specific CNN. To be
more specific, two independent CNN networks are adopted:
the RGB-specific CNN is for RGB data and the depth-specific
CNN is for depth features. And the features on Conv3-3 and
Conv5-3 in the two CNNs are sent to the highest fusing FC
layer in our experiments.

It is believed that more features extracted from different
modalities can be helpful to accurately descript the objects
and improve the tracking performance. As abovementioned,
most of existing RGB-D trackers directly concatenate features
extracted from RGB and depth modalities, not adequately
exploiting the correlation between the two modalities. In
our method, the strong correlation between RGB and depth
modality can be learnt by RGB-Depth correlated CNN.

For human visual system, geometrical and spatial struc-
ture information plays an important role in tracking objects.
In order to more explicitly derive geometrical and spatial
structure information from depth data, we encode it into
three channels: horizontal disparity, height above ground,
and angle with gravity, using the encoding approach pro-
posed in [39]. Then, the three channel image is sent into
depth-specific CNN to extract deep depth features.

The optical flow image is calculated for every frame
and then is fed to motion-specific CNN to learn deep
motion features, which can capture high-level information
about the movement of the object. A pretrained optical flow
network provided by [13] is used as ourmotion-specificCNN,
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Table 1: Comparison results: SR using different deep features fusions on the PTB dataset.

Deep Features All SR Target type Target size Movement Occlusion Motion type
human animal rigid large small slow fast yes no passive active

Only RGB 0.73 0.75 0.69 0.74 0.80 0.72 0.71 0.72 0.74 0.85 0.78 0.73
RGB+Depth 0.77 0.79 0.71 0.77 0.81 0.77 0.76 0.73 0.81 0.86 0.79 0.75
RGB+Depth +
RGB-depth correlated 0.79 0.81 0.74 0.79 0.83 0.79 0.78 0.74 0.83 0.86 0.81 0.77

RGB+Depth +
RGB-depth correlated
+Motion

0.84 0.83 0.86 0.85 0.85 0.86 0.82 0.83 0.87 0.87 0.82 0.83

which is pretrained on the UCF101 dataset and includes five
convolutional layers.

Thus far, we have obtained multimodal deep features to
represent the rich information of the object, including the
RGB, horizontal disparity, height above ground, angle with
gravity, and motion. Next, we attempt to explore how to fuse
the multimodal deep features using the CNN. To solve this
problem, we conduct extensive experiments to evaluate the
performance using different fusion schemes, each experiment
fuses the multimodal deep features at different layer. Inspired
by the working mechanism of human visual cortex in the
brain which indicates the features should be fused in the high
level, so we test fusing at several relatively high layers, such as
pool 5, fc 6 and fc 7. We find that fusing the multimodal deep
features from fc 6 and fc 7 can obtain better performance.

Let 𝑝𝑗𝑖 represent feature map of 𝑗modalities and 𝑖 denotes
the spatial position, 𝑗 = {1, 2, . . . , 𝐽}. In our paper, 𝐽 = 4
as we adopt the feature maps from Conv3-3 and Conv5-3
in RGB, depth, RGB-depth correlated, and motion modality.
The fusing feature map 𝑃𝑓𝑢sion𝑖 is the weighted sum of feature
maps for three levels in four modalities,

𝑃𝑓𝑢𝑠𝑖𝑜𝑛𝑖 = 𝐽∑
𝑗=1

𝑤𝑗𝑖𝑝𝑗𝑖 (1)

where the weigh 𝑤𝑗𝑖 can be computed as follows:

𝑤𝑗𝑖 = exp (p𝑗𝑖 )
∑𝐽𝑘=1 exp (p𝑘𝑖 )

(2)

3.2. C-COTTracker. Themultimodal fusion deep features are
sent into the C-COT tracker, which was proposed in [26].
A brief review of the C-COT tracker will be provided in the
following of this section, and we will use the same symbols as
in [33], for convenience, and more detailed description and
proofs can be found in [26].

The C-COT transfers multimodal the fusion feature map
to the continuous spatial domain 𝑡 ∈ [0,T) by defining the
interpolation operator 𝐽𝑑 : R𝑁𝑑 → 𝐿2(T) as follows:

𝐽𝑑 {𝑥𝑑} (𝑡) =
𝑁𝑑−1∑
𝑛=0

𝑥𝑑 [𝑛] 𝑏𝑑 (𝑡 − 𝑇
𝑁𝑑 𝑛) (3)

The convolution operator is defined as

𝑆𝑓 {𝑥} = 𝑓 ∗ 𝐽 {𝑥} − 𝐷∑
𝑑=1

𝑓𝑑 ∗ 𝐽𝑑 {𝑥𝑑} (4)

The objective function is

𝐸 (𝑓) = 𝑀∑
𝑗=1

𝛼𝑗 𝑆𝑓 {𝑥𝑗} − 𝑦𝑗2𝐿2 −
𝐷∑
𝑑=1

𝜔𝑓𝑑2𝐿2 (5)

Equation (5) can be minimized in the Fourier domain to
learn the filter. The following can be obtained by applying
Parseval’s formula to (5)

𝐸 (𝑓) = 𝑀∑
𝑗=1

𝛼𝑗

𝐷∑
𝑑=1

𝑓𝑑𝑋𝑑𝑗 𝑏𝑑 − 𝑦𝑗

2

𝐿2

− 𝐷∑
𝑑=1

�̂� ∗ 𝑓𝑑2𝐿2 (6)

The desired convolution output 𝑦𝑗 can be provide by the
following expression:

𝑦𝑗 [𝑘] = √2𝜋𝜎2
𝑇 exp(−2𝜎2 (𝜋𝑘𝑇 )2 − 𝑖2𝜋𝑇 𝑢𝑗𝑘) (7)

4. Experimental Results

The experiments are conducted on two challenging bench-
mark datasets: BTB dataset [17] with 36 videos and PTB
dataset [7] with 100 videos to test the proposed RGB-D
tracker using MATLAB R2016b platform with the Caffe
toolbox [40] on a PC with an Intel(R) Core(TM) i7-4712MQ
CPU@3.40GHz (with 16G memory) and TITAN GPU (12.00
GB memory).

4.1. Deep Features Comparison. The impacts of deep motion
features are evaluated by conducting different experiments
on PTB dataset. Table 1 indicates the comparison results
of different deep features fusions using success rate (SR) as
measurements. FromTable 1, we find that SRs are lowestwhen
only using deep RGB feautures. SRs increase by fusing deep
depth features and RGB-depth correlated features, especially
when occlusion occurs. Further, the performance is obviously
improved when deep motion features are added, especially
when the movement is fast, motion type is active, and target
size is small.
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Figure 2: The comparison results on athlete move video from BTB dataset.

Figure 3: The comparison results on cup book video from PTB dataset.

Figure 4: The comparison results on zballpat no1 video from PTB dataset.

To intuitively show the contribution of fusing deep depth
features and deep motion features for RGB-D tracking, in the
following, we demonstrate part of experimental results on
the BTB dataset and PTB dataset that only using deep RGB
features obtains unsatisfactory performance. The tracking
result only using deep RGB features is in yellow, fusing deep
RGB and depth is in blue, adding deep motion features to
RGB, and depth is in red.

In Figure 2, the major challenge of the athlete move video
is that the target object moves fast from left to right. As
illustrated in Figure 3, the cup is fully occluded by the book.
The zballpat no1 sequence is challenging due to the change
of moving direction (Figure 4). The deep motion features are
able to improve the tracking performance as they can exploit
the motion patterns of the target object.

4.2. Quantitative Evaluation. We present the results of com-
paring our proposed tracker with four state-of-the-art RGB-
D trackers on the BTB dataset and PTB dataset: Prin Tracker
[7] (2013), DS-KCF∗ Tracker [41] (2016), GBM Tracker [34]
(2017), and Berming Tracker [17] (2018). We provide the

results in terms of success rate (SR) and area-under-curve
(AUC) as measurements.

Figure 5 shows the comparison results of SR of different
trackers on the PTB dataset. The results illustrates that the
overall SR of our tracker is 87%, SR is 86% when the
object moves fast, and SR is 84% when the motion type is
active. These values are higher than other trackers obviously,
especially when the object moves fast.

Figure 6 indicates the AUC comparison results on the
BTB dataset. The overall AUC of our tracker is 9.30, the AUC
is 9.84 when the camera is stationary, and the AUC is 8.27
when the camera is moving.

From Figures 5-6, we can see that our tracker obtains the
best performance, especially when the object is moving fast
or the camera ismoving.These results show that deepmotion
feature is helpful to improve the tracking performance.

5. Conclusion

We study the problems in the existing visual object tracking
algorithms and find that existing trackers cannot benefit
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from geometrical features extracted from depth image and
interframe dynamic information by fusing deep RGB, depth,
and motion information. We propose MMDFF model to
solve these problems. In this model, RGB, depth and motion
information are fused at multiple layers via CNN, the corre-
lated relationship betweenRGB anddepthmodality exploited
by using RGB-Depth correlated CNN. The experimental
results show that deep depth feature and deep motion feature
provide complementary information to RGB data and the
fusing strategy promotes the tracking performance signifi-
cantly, especially when occlusion occurs, the movement is
fast, motion type is active, and target size is small.
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In recent years, the PteroisVolitans, also knownas the red lionfish, has become a serious threat by rapidly invadingUS coastalwaters.
Being a fierce predator, having no natural predator, being adaptive to different habitats, and being with high reproduction rates,
the red lionfish has enervated current endeavors to control their population.This paper focuses on the first steps to reinforce these
efforts by employing autonomous vehicles. To that end, an assistive underwater robotic scheme is designed to aid spear-hunting
divers to locate and more efficiently hunt the lionfish. A small-sized, open source ROV with an integrated camera is programmed
using Deep Learning methods to detect red lionfish in real time. Dives are restricted to a certain depth range, time, and air supply.
The ROV program is designed to allow the divers to locate the red lionfish before each dive, so that they can plan their hunt to
maximize their catch. Lightweight, portability, user-friendly interface, energy efficiency, and low cost of maintenance are some
advantages of the proposed scheme.The developed system’s performance is examined in areas currently invaded by the red lionfish
in the Gulf of Mexico. The ROV has shown success in detecting the red lionfish with high confidence in real time.

1. Introduction

Biological invasions can cause environmental disruption and
biodiversity loss, often due to human-caused global change
[1–3]. Invasive species are nonnative species that may have
serious effects on ecosystems and habitats. Some of these
effects can evolve to global consequences [4]. The terrestrial
and freshwater systems appropriate the majority of invasions,
while, in the last decade, the rates of the marine invasions
have dramatically increased and impacted the stability of
ecosystems, raising ecological and economic concerns [1, 5].
Overall, recent studies [6] indicate that invasive species cost
120 billion dollars to the environment and the economy.
Among marine species, Pterios volitans (red lionfish) is the
most invasive and aggressive species that has taken only two
decades to populate across a significant portion of the US east
coast [7–9].

Regardless of how the red lionfish were first introduced
[10–12], their rapid reproduction rate, lack of significant
predators, and wide range of dietary consumption have made
them a serious threat to coral reefs and many other marine

environments [13–16]. As evidence to this threat, in Figure 1,
the spread of the red lionfish in 1995 is compared with
that of 2015. The red lionfish grow rapidly and reach up
to 50 centimeters in 3 years [16]. Both smaller fishes and
crustaceans are potential prey for red lionfish [1, 9]; they
literally consume anything that they can fit in their mouth.
Due to their venomous dorsal, pelvic, and anal spines the red
lionfish are fatal [13] to human divers [9] and native predatory
species who quickly learn to avoid them. Having no natural
predator on one hand and the ability to quickly procreate,
which is approximately 2million eggs per female annually, the
red lionfish population is exponentially growing and calling
for immediate national resolutions [17].

Being aware of this destructive invasion in recent years,
scientists have tried to find effective ways to control the
red lionfish to spread and prevent more damage to the
ecosystem [17]. One way for controlling the red lionfish
population is hunting them by scuba divers equipped with
“ZooKeepers” [18] and an “ELF lionfish Spear Tool” [19].
The divers spear the red lionfish and then keep them into
the tubular ZooKeeper containments through their one-way
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Figure 1: Red lionfish occurrence in the Western North Atlantic and Caribbean Sea (USGS-NAS 2015) (figures courtesy of USGS-NAS
database found at http://nas.er.usgs.gov).

gate that holds the fish until the diver returns to the surface.
This method is not cost-efficient due to limitations in the
number of divers, diving time and the small number of hunts
possible in each dive. Divers facemany limitations for finding
and locating red lionfish underwater due to significant
depth, limited air cylinder capacity, low visibility conditions
underwater, temperature differences, high pressure, etc. The
fast spreading of the red lionfish calls for more efficient
and aggressive solutions for the problem [20, 21]. Hence,
introducing assistive technological schemes to detect the red
lionfish can help to increase the effectiveness of the hunt in
each dive.

Recently, several methods to detect fishes underwater
are used for different purposes such as fishing, biological
research, etc. Some of these methods employ high-resolution
sonar scanning or vision-based methods. However, sonar-
based fish finders are unable to distinguish fish species.
Finding a specific species of fish can be very challenging
using the available technologies. Using robots instead of
humans in harsh environments is a common solution for
such problems [22]. Nonetheless, for the robots, there are
challenges to automatically detect objects underwater. Low
lighting, moving cameras along with moving objects, limited
sight, and background color change due to organic and
artificial floating debris are some of the technicalities that add
more complexity to red lionfish detection. Although some of
these challenges had been addressed in the literature [23],
applying them in underwater condition is still challenging.
There exists an extensive amount of research for offline
detection of fish underwater for different purposes such as
counting [24, 25] and measurement of their length [26]. In
[25] they perform detection, tracking, and counting fish;
the method they used for detection was a moving average
algorithm applied offline to recorded videos. In [27] a radio-
tag system was developed for monitoring invasive fish. Lin
Wu et al. [28] developed underwater object detection based
on a gravity gradient, which detects objects underwater
using a gravimeter. In [29] several methods were proposed

and implemented on offline videos for the purpose of fish
classification. In [30] deep Convolutional Neural Networks
were used for coral classification. Qin proposed used Deep
Learning for underwater imagery analysis [31]. In [32] a
survey is conducted over using Deep Learning for various
marine objects excluding red lionfish. Moreover, Siddiqui et
al. [33] investigated the automated classification systems that
have the ability to identify fish from underwater videos and
also studied the feasibility and cost efficiency of automated
methods like Deep Learning. Although many species are
included in [33], unlike the red lionfish, the selected species
had a less complex body shape such as P. porosus and A. ben-
galensis. An automatic image-based system was proposed in
[24] that was used for estimating the mass of free-swimming
fish. Qin et al. [34] has proposed live fish recognition using
deep architecture where both support vector machines and
SoftMax for classification are compared. Similar to [33], the
outcome of [34] was tested on fishes with simple body shapes,
e.g., oval or semicircle shapes and species with variable body
shapes were excluded. The challenge in the lionfish detection
is that it takes different gestures in different dispositions
such as offending, defending, hiding or normal swimming
[1]. In other words, unlike salmon, trout, tuna, etc., the red
lionfish does not have a certain body shape. To the best of the
author’s knowledge, the available underwater object detection
methods have not been applied to the detection of red lionfish
in real time.

In this work, a compact-sized, open source ROV is
employed to assist divers in detecting red lionfish in a more
efficient manner. The scheme of the mechanism is as follows.
The ROV is tethered to a computer on the surface that
receives the video from a camera integrated on the ROV.The
computer processes the video frames real-in-time and detects
the red lionfish. By prespotting the red lionfish, the divers will
not need to consume time and air hunting for them.

The ability of Deep Learning to learn patterns from high-
dimensional data especially in image processing problems
has made it a major tool for object detection or classification

http://nas.er.usgs.gov
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Figure 2: Overall system block diagram. ROV, Designed Interface inMATLAB, and Joystick for navigation aremain parts of assistive system.

in recent years in several applications [35]. The proposed
real-time red lionfish detection scheme employs the Deep
Learning method in aMATLAB-based Graphical User Inter-
face (GUI) in a PC. The user employs a joystick to navigate
and investigate underwater while the ROV is programmed
to send video from its camera in real time. Each frame of the
video is processed, and the detected red lionfish are identified
on the screen. The ROV uses its Inertial Measurement Unit
(IMU) to report the detected lionfish’s location to the surface.
This scheme offers a unique platform that can be employed
for detecting any other recognizable species. Further, finding,
locating, and recording the population of the red lionfish
are useful for the biologists to determine the red lionfish
spreading patterns [7].

The remainder of this paper is organized as follows.
Section 2 gives an overview of the robot specifications and
navigation; also it discusses the algorithm and methodology
that has been used for detecting the red lionfish. In Section 3,
Simulation and real-world testing results and challenges are
presented. The conclusion follows in Section 4.

2. Design

The proposed assistive system is comprised of the following
subsystems:

(1) OpenROV robot that consists of actuators, control
boards, lighting system, camera, and navigation sys-
tem

(2) Computer and Graphical User Interface
(3) Red Lionfish detection system

The overall block diagram of the designed system is depicted
in Figure 2, and the above subsystems are elaborated in the
following subsections.

2.1. OpenROV 2.8. The OpenROV 2.8 is a telerobotic
submarine with open access to its operational source code.
Small dimensions and light weight (30 × 20 × 15 cm and 2.6
kg) make it possible to be carried and operated by a single
user. It reaches a maximum forward speed of 2 knots, which
is sufficient for the calm sea states, where the dives take place.
This ROV is a tethered robot and all data are transceived

through a 90-meter two-wire twisted cable with 100Mbps
throughput. A Tenda HomePlug and a third party board
(Topside Interface Board) designed byOpenROV [36] is used
to convert Ethernet to the two-wire connection protocol. The
communication channel is depicted in Figure 3.Three 700Kv
(rpm/v) brushlessmotorswith electronic speed control (ESC)
propel the ROV to move in three dimensions. Figures 4 and
5 show the OpenROV layouts.

The OpenROV 2.8 is powered with six 3.3V batteries that
last for at least 30 minutes of surfing, when fully charged. All
the electronics are in an acrylic case under vacuum mounted
as depicted in Figure 4, on an internal chassis. In addition, the
maximum frame rate of the mounted camera is 30 fps at HD
720p quality.

2.2. User Interface Panel (UIP). To provide data access and
control, a MATLAB-based Graphical User Interface (GUI)
was coded that is shown in Figure 6. For all the test and
simulations, the program was run on a Core i7 PC with 16
GigaByte of RAM and NVIDIA GTX 745 GPU.

Being open source, the ROV is supported by numerous
libraries for accessing motors, camera, etc.They are accessible
via socket.io [37] in MATLAB’s GUI. A USB joystick was
utilized to make the navigation of the ROVmore convenient.
The joystick is capable of controlling the ROV in all directions
by adjusting the thrusters’ rotation speed. The horizontal
thrusters propel the ROV forward and backward and provide
torque to control the yaw. The vertical thruster propels the
ROV vertically. In addition, the joystick can control lights,
camera recording, and camera tilting upward and downward.
A Node.js [38] server was created and ran on BeagleBone
Black that is integrated on the ROV.

In Figure 7 the communication process during deploy-
ment of the ROV underwater is depicted. Through these
interface options, e.g., navigating, monitoring motors, con-
trolling LEDs and lasers, camera tilting and capturing videos
or images are accessible. The default method for transmitting
data between the ROV and the surface computer is web-
based. In this approach, all controlling and feedback values
between the ROV and PC are transmitted using Socket.io.
In other words, the ROV acts as a server and the browser
in the PC is its client. To be able to transmit data without
using a web browser, Java code is written for communicating
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with Node.js server inside the ROV directly and it bypasses
the web browser for reducing delay between the ROV and
UIP. This Java code is then used in the MATLAB GUI
and provides complete access to the ROV. Navigational and
miscellaneous related commands are sent through Socket.io

each 20 milliseconds and the camera image frames are
received each 0.8 seconds.

2.3. Object Detection Algorithm. To detect objects under-
water, the Deep Learning (DL) method is employed. DL
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Figure 6: Designed UIP in MATLAB. All three brushless motors,
LED lights, camera, laser, and camera tilt are accessible via this UIP.
Live camera view also is available on this UIP.

utilizes Convolutional Neural Networks for object detection
and classification [39]. For detecting objects of interest, it
is necessary to gather a database that includes prototypical
images of those specific objects.Themore images that contain
the object of interest, the more accurate the detection will
become. There is no limitation on the number of objects
of interest to be detected other than memory if sufficient
prototypes are available. There are several databases for
various objects available online, e.g., human faces in different
poses, human body gestures, cars, etc. But unfortunately,
because the red lionfish are a specific species, there are no
images or video database available for them. To address that

issue, 1500 images were gathered from different royalty free
online resources such as ImageNet, Google, and YouTube.
Also, the authors contributed to the database by participating
in diving excursions in the Gulf of Mexico in different
infested areas such as Flower Garden Banks National Marine
Sanctuary, artificial reefs off the coast of Pensacola, FL.

Deep Learning consists ofmany cascaded layers and these
layers are nonlinear processing functions used for feature
extraction and transformation. The pattern recognition for
the database is semisupervised and because of that we
introduce the object of interest, which is a red lionfish in
this case, and label them in the database. The classification
is an unsupervised algorithm that classifies objects of interest
from other objects based on defined labels. The database is
trained using Regions with Convolutional Neural Networks
(R-CNN) [40]. In this project the database images were run
through 15 layers of 5 × 5 convolutions, and the filters were
trained using Stochastic Gradient Descent with Momentum
(SDGM) [41].

MATLAB was used to label the images. Using the “Train-
ing Image Labeler” app in MATLAB allows us to specify all
rectangular ROIs in images. Most of images suffered from
two problems, the first one was background and the second
was low quality images requiring preprocessing. For instance,
Figure 8(a) depicts a red lionfish next to an artificial reef,
so for preparing the image for the database the brightness
of image is modified as shown in Figure 8(b). Also, the size
of the images is reduced to avoid other unnecessary objects,
although the objects in the background or foreground, such
as reefs and underwater debris, are impossible to avoid.

CNNs have the ability to build their own features and
transform the input signal using convolutional kernels, an
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Figure 8: Two left images in (a) are original images from red
lionfish. The right images (b) are preprocessed to become suitable
for the database. Images are taken from in Pete Tide II.

activation function, and a pooling phase. The activation
function adds nonlinearity to the input, and the pooling
phase is for reducing input size and strengthening learning
[35]. Finally, in the last convolutional layer all features are
sorted as a vector and sent to next layer. In the training step,
the database that contains images and their labels are inputs
to CNN. Figure 9 shows the architecture of CNN that was
used for detecting the red lionfish. Excluding input layer,
there were total of 14 layers. The input size of first layer
was set to 32 × 32 × 3 for all three channels and to have

a coarse-to-fine prediction of features three convolutional
layers were used. First convolutional layer size was set to
5 × 5. Each convolutional layer is followed by a Maxpooling
layer. Maxpooling layers were followed by a Rectified Linear
Unit (ReLU) layer where this layer is used as a thresholding
operator [35, 42].

3. Experimental Results

The trained network was tested real-in-time on collected
videos with ROV camera from four artificial reefs off the
coast of Pensacola, Florida, USA. Figure 10 shows the sites
that are visited during the experimental dives. In order
to simulate real conditions, no samples from the recorded
videos were added to the database. Therefore, the testing
procedures could be assumed as a real-world situation, since
the results were completely captured in real environment.
Figure 11 shows a screenshot from one of the captured videos.
Due to algae, green is the dominant color in this video. Also,
the background, which is a sunken ship, has some patterns
that can be mistaken as red lionfish stripes by a trained
CNN. Moreover, as depicted in Figure 11, the similar stripe
patternswere detected as a false positive instance. Confidence
of false positives was relatively low. Therefore, to avoid false
detection, the acceptable confidence level was set to 80%.
Figure 12 is a sample of frame that have detected true positive.
As depicted in Figure 12, although the red lionfish stripes are
not clearly observable, because of other features such as fins,
the trained network could successfully distinguish the red
lionfish. In addition, as depicted in Figure 13, in a complicated
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Pete Tide II
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SE Navy YDT15
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30 03.815'N 87 10.885'W

Figure 10: Location of three different sites in Pensacola, Florida, for
finding red lionfish.

situation like presence of other fishes, the CNN is capable of
detecting the red lionfish with 91% confidence.

In order to find the accuracy of proposed method, 1000
consecutive frames were selected from one of the captured
videos from the Pensacola reefs. According to the selected
frames, the red lionfish was available in 88.5% of them. Table 1
shows the number of true positive detected red lionfish in
885 frames that contained red lionfish in them. Among the
true positive instances there were some frames that contained
false positive instances that means despite the presence of red

Figure 11: An example of false positive detection due to similarity of
patterns. Although because of strip patterns this stair was detected as
a red lionfish, the confidence was about 0.5 that is below the defined
rejection threshold. Location of image is TDC Reef #1.

Figure 12: Despite the color change and camouflage, the red lionfish
was detected with confidence above 0.8. Location of image is TDC
Reef #1.

lionfish in that particular frame another object was wrongly
detected as red lionfish with a confidence higher than 80%.
Moreover, in some frames like Figure 14, the trainedCNNwas
not able to detect the target due to different conditions like
instantaneous turning of the red lionfish that cause a blurry
image of it, very low light condition, or far distance. However,
since these frames sporadically occur in the video, the overall
continuousness of the lionfish tracking is not affected.
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Table 1: Results of the trained CNN on 1000 frames.

Frames True Positive Detected False Positive Detected Missed Red lionfish
red lionfish 93% 4% 3%

Figure 13: The red lionfish was detected correctly despite the
presence of other species in the image. Location of image is SE Navy
YDT15.

Figure 14: The ROV lights were off while the red lionfish tried to
hide in a dark environment. Location of image is TDC Reef #1.

In Figure 15, a video containing 500 frames in presence
of a red lionfish was selected for evaluating the real-time
performance of the trained CNN real-in-time. The average
time for processing each frame was measured as 0.097
seconds that leads to at least 10 frames per seconds. Since
the red lionfish swim at low speed, the detection system can
still notify the user about the presence of the red lionfish in a
real-time manner. Figure 16 depicts the processing time for
each of the 500 frames in the processed video. Moreover,
Figure 17 shows the confidence percentage of detected red
lionfish in each frame. In each frame, if the detected object
has a confidence level lower than the threshold of 85%, then it
is discarded as false positive.The total number of true positive
detected objects in 500 frames was 461, which is 92% of the
whole frames. Finally, four live performances of the trained

Figure 15: The processed video is available at youtu.be/j43Og -d SQ.
Location of video is SE Navy YDT15.
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Figure 16: Processing time for each frame in the Figure 15’s video.
The average time for processing frames is 0.097 seconds.

CNN the red lionfish detection scheme can be found in a
YouTube video with the address provided in Figure 18.

As one can recognize from the results, the proposed
system shows success in real-time detection of red lionfish in
a variety of environments and lighting conditions. However,
further investigations are required to prove the effectiveness
of the system on the number of catches, the time for each dive,
and the number of divers needed in each excursion.

4. Conclusions

This study was a proof of concept for the design and
implementation of a real-time CNN-based assistive robotic
system for divers to locate the red lionfish. The assistive
robot is able to find red lionfish at up to 30 meters in
depth. The streaming videos from underwater are sent to the
surface and processed in real time to detect the red lionfish.
The overall design was driven by the needs of portability,
high manoeuvrability, low energy consumption, and user

http://youtu.be/j43Og_-d_SQ
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Figure 18: Four CNN live performance on three different sites
can be found by scanning the QR code or on YouTube at
youtu.be/j43Og -d SQ. Locations of videos are SE Navy YDT15,
TDC Reef #1, Pete Tide II, SE Navy YDT15.

friendliness. The proposed scheme is able to perform red
lionfish detection in real time, while diving in an underwater
environment. The detection system was implemented on
an open source, low cost ROV equipped with a camera to
collect live videos underwater. Experiments were conducted
on recorded videos from marine environments. The main
achievement of this work was developing a computer-aided
scheme on an affordable set of hardware that can be used
environmentalist to detect and remove the lionfish. In the
next phase of this research, the focus will be on (1) developing
a custom-built ROVespecially designed for lionfish detection
and removal and (2) investigating the effect of utilizing the
proposed assistive scheme on the number of hunts in diving
excursions.
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