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Introduction DDeep Learning Based Salient Object Detection  

Goal of salient object detection 

 Definition: Visual saliency is concerned with the distinct perceptual quality of 

biological systems which makes certain regions of a scene stand out from 

their neighbors and catch immediate attention.

Goal: Estimate  where the interested object may appear in the input image. 

Identify the most important and informative part of a scene.

 

Input Image Saliency Map Ground Truth
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DDeep Learning Based Salient Object Detection  

Category 

Objective

       — Eye Fixation Prediction 

       — Salient Object Detection 

 

Input Image Eye Fixation 
Map

Saliency Map

Introduction 
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DDeep Learning Based Salient Object Detection  

Eye Fixation Prediction 

       

 

Introduction 
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Application DDeep Learning Based Salient Object Detection  

Application 

      Image/video segmentation

      Image/video compression

      Object recognition

      Image category

      Interested region detection

      Image retrieval

      Image resizing

      ……
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DDeep Learning Based Salient Object Detection  

Application—Image Segmentation  

Image segmentation is often described as partitioning an image into a set of 

non-overlapping regions covering the entire image.

Input Image
Ground Truth Saliency Map Segmentation Result

Application 
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DDeep Learning Based Salient Object Detection  

Image retargeting aims at resizing an image by expanding or shrinking the 

non-informative regions

Application—Image Retargeting (Resizing) 

Application 
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DDeep Learning Based Salient Object Detection  

Application—Image Retargeting (Resizing) 
Comparison of different resizing results based on different saliency maps.

Application 
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DDeep Learning Based Salient Object Detection  

Application—Object Recognition 
task of finding and identifying objects in an image or video sequence.

Application 
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DDeep Learning Based Salient Object Detection  

Application—Image Retrieval 
An image retrieval system is a computer system for browsing, searching and 

retrieving images from a large database of digital images.

From left to right: query and results.
The correct answers are outlined in green.

Application 
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DDeep Learning Based Salient Object Detection  

Application—Non-photorealistic rendering 
Artists often abstract images and highlight meaningful parts of an image while

    masking out unimportant regions. Inspired by this observation, a number of 

    non-photorealistic rendering (NPR) efforts use saliency maps to generate 

    interesting effects.

Application 
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DDeep Learning Based Salient Object Detection  

Salient details are preserved with the use of smaller building blocks.

Comparison of different mosaicing results based on different saliency detection 

models

Application—Image mosaicing 

Application 
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DDeep Learning Based Salient Object Detection  

How humans deploy their attention when viewing webpages and for the first 

time

Application—Webpage Saliency 

Application 
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DDeep Learning Based Salient Object Detection  

Application—Picture Collage  
Picture collage is a kind of visual image summary — to arrange all input images on 

a given canvas, allowing overlay, to maximize visible visual information.

(a) the collage of 14 images selected among the first five pages returned by Yahoo’s 
image searching using the keyword ”cycling mountain”. (b) the collage of 16 ”Panda” 
images from Yahoo’s image search. (c) the collage formed by 12 ”horse” images from 
Google’s image search.

Application 
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DDeep Learning Based Salient Object Detection  

Find out salient objects in video saliency. composite.avi

Application—Video Saliency 

Application 
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DDeep Learning Based Salient Object Detection  

Application—Anomaly detection 
Anomaly detection means automatically identifying the items or events those 

are different from the expected pattern or other items in the dataset.  

UCSDPed2.avi

Application 
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Top-down methods

— slow, task-driven, knowledge-driven, 

— entail supervised learning with class labels.

Bottom-up methods

    — fast, stimuli-driven, data-driven and pre-attentive, 

    — rely only on low level features such as color, intensity.

 

Motivation SSalient object detection via bootstrap learning  

Salient Object Detection — Methodology 

Visual saliency
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DDeep Learning Based Salient Object Detection  Development of Deep Learning for Saliency 

Deep Learning for Saliency 
Deep neural networks, e.g. CNNs, have recently achieved great success in various 

computer vision tasks, such as Image Classification, Object Detection and Semantic 

Segmentation. 

It has been demonstrated that deep features are highly versatile and have stronger 

representative power than traditional handcrafted low-level features. 

Training an end-to-end model for single-task or multi-task is more and more popular, 

and all the deep learning based methods outperform the traditional methods with a 

large margin.
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DDeep Learning Based Salient Object Detection  A list of Deep Learning Based Models 

Deep Learning Methods 
Paper Model Publication Year Author 

LEGS CVPR 2015 Lijun Wang 

MDF CVPR 2015 Guanbin Li 

MCDL CVPR 2015 Rui Zhao 

HARF ICCV 2015 Wenbin 
Zou 

ELD CVPR 2016 Gayoung 
Lee 

SU CVPR 2016 Srinivas 
Kruthiventi 
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Paper Model Publication Year Author 
DHSNet CVPR 2016 Nian Liu 

DCL CVPR 2016 Guanbin Li 

RACDNN CVPR 2016 Jason Kuen 

RFCN ECCV 2016 Lizhao 
Wang 

CRPSD ECCV 2016 Youbao Tang 

SSD ECCV 2016 Jongpil Kim 

MTDNN TIP 2016 Xi Li 

Deep Learning Based Salient Object Detection A list of Deep Learning Based Models 

Deep Learning Methods 
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Deep Model => Deep Feature Extraction  

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

Saliency Detection by Multi-Context Deep Learning
     
    Zhao Rui, CVPR2015

Visual Saliency Based on Multiscale Deep Features

        Guanbin Li, CVPR2015

feature extraction at three different scales

Global context/feature
Local context/feature
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HARF: Hierarchy-associated Rich Features for Salient Object Detection
      Wenbin Zou, ICCV 2015

The outputs of each layer of CNN are used as features

Deep Saliency with Encoded Low Level Distance Map and High Level Features
       Gayoung Lee, CVPR2016

The encoded low level 
distance map and the 
high level features are 
connected to a fully 
connected neural 
network classifier to 
evaluate the saliency of 
a query region

Deep Model => Deep Feature Extraction( VGG) 

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 
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Deep Model => Fully Convolutional Framework 

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

DHSNet: Deep Hierarchical Saliency Network for Salient Object Detection

         Nian Liu, CVPR2016

Deep Contrast Learning for Salient Object Detection

       Guanbin Li, CVPR2016

Deeply supervised 
learning

Multi-scale fully 
convolutional network
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Saliency Detection with Recurrent Fully Convolutional Networks

       Lizhao Wang, ECCV2016

Saliency Detection via Combining Region-
Level and Pixel-Level Predictions with CNNs

      Youbao Tang ECCV2016

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

Deep Model => Fully Convolutional Framework 

    Pre-training strategy using
semantic segmentation data.

    Fine-tuning strategy using
salient object detection data.

Pixel-level CNN

Fine-tuning on VGG16

Last two convolutional layers connected 
with deconolutional layers
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DeepSaliency: Multi-Task Deep Neural Network Model for Salient Object 
Detection            Xi Li, TIP2016

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

Deep Model => Fully Convolutional Framework 

Saliency Unified: A Deep Architecture for simultaneous Eye Fixation Prediction 
and Salient Object Segmentation    Srinivas S S Kruthiventi, CVPR2016

Segmentation

Saliency Detection

Eye fixation prediction

Salient object detection
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Deep Model => Recurrent Framework 

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

Saliency Detection with Recurrent Fully Convolutional Networks

                                                                                               Lizhao Wang, ECCV2016

Recurrent Attentional Networks for Saliency 
Detection     Jason Kuen, CVPR2016

The recurrent architecture enables to
automatically learn to refine the saliency
map by correcting its previous errors.
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Deep Model => Recurrent Framework 

DDeep Learning Based Salient Object Detection  Deep Methods----Summary 

DHSNet: Deep Hierarchical Saliency Network for Salient Object Detection

         Nian Liu, CVPR2016

Deeply supervised 
learning
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1. Deep Neural Networks for Saliency Detection, CVPR2015

2. Saliency Detection with Recurrent Fully  Convolutional 
Networks ECCV2016

 
 

Saliency Object Detection Via Learning Method
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Lijun Wang, Huchuan Lu, Minghsuan Yang

Deep Neural Networks for Saliency Detection  
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Motivation DDeep Neural Networks for Saliency Detection  

1. Motivation 

Motivation

• Existing Issues 

• Previous methods mainly rely on 
hand-crafted features which fail to 
describe complex image scenarios. 

• The adopted saliency priors are 
combined based on heuristics and 
it is not clear how these features 
can be better integrated. 

• DNNs fail to capture the global 
relationship of image regions and 
maintain local label consistency. 

• Our Approach 

• We propose an approach to apply 
DNNs to saliency detection from 
both local and global views. 

• We use a DNN to learn local patch 
features to estimate the saliency 
value of each pixel from a local 
view. 

• We train another DNN to predict 
region saliency by investigating the 
complex relationships among 
saliency cues through a supervised 
learning scheme. 
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DDeep Neural Networks for Saliency Detection  

2. Pipeline of the proposed approach

Framework

Figure 1. Pipeline of our algorithm. (a) Proposed deep network DNN-L. (b) Local 
saliency map. (c) Local saliency map after refinement. (d) Feature extraction. (e) 
Proposed deep network DNN-G. (f) Sorted object candidate regions. (g) Final saliency 
map. 
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DDeep Neural Networks for Saliency Detection  

3. Related Work

Related Work

• Saliency detection methods , which conduct saliency detection from 
either local or global views. 

 
• Generic object detection (also known as object proposal) , which aim 

at generating the locations of all category independent objects in an 
image. 

 
• Deep Neural Networks used for scene labeling  
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

•  We formulate a binary classification problem to determine whether each 
pixel is salient (1) or non-salient (0) based on its surrounding. 
 

•  We use a deep network, namely DNN-L, to conduct classification since 
DNNs do not rely on hand-crafted features. 
 

• By incorporating object level concepts into local estimation, we present a 
refinement method to enhance the spatial consistency of local saliency 
maps. 
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

Architecture Details of DNN-L

Table 1. The architecture of the proposed DNN-L. C: convolutional layer; F: fully connected 
layer; R: ReLUs; L: local response normalization; D: dropout; S: softmax layer; Channels: 
the number of output feature maps; Input size: the spatial size of input feature maps
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

• For each image in the training set, we collect samples by cropping 
51 51 RGB image patches in a sliding window fashion with a stride of 
10 pixels.

• The patch     is labeled as a positive training example if i). the central 
pixel is salient, and ii). it sufficiently overlaps with the ground truth salient 
region     :

• The patch     is labeled as a negative training example if i). the central 
pixel is  located within the background, and ii). its overlap with the ground 
truth salient region is less than a predefined threshold:

• We do not pre-process the training samples, except for subtracting the 
mean values over the training set from each pixel.

B

G | | 0.7 min(| |,| |)B G B G

Training Data of DNN-L

B

| | 0.3 min(| |,| |)B G B G
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

Training DNN-L

Given the training patch set            and the corresponding label set          , 
we use the softmax loss with weight decay as the cost function:

        

where      is the learnable parameter set of DNN-L including the weights 
and bias of all layers;        is the indicator function;                      is the label 
probability of the i-th training samples predicted by DNN-L;       is the 
weight of the k-th layer.

DNN-L is trained using stochastic gradient descent with a batch size of 
m = 256, momentum of 0.9, and weight decay of 0.0005.
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

Refinement
• Given an input image, we first generate a set of object candidate masks 
using the GOP method [19] and a local saliency map     using our local estimation 
method.
• We compute the accuracy score     and the coverage score     of each object 

candidate as follows:
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Figure 3. Different object 
candidate regions with their 
corresponding accuracy scores 
A and coverage scores C.
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DDeep Neural Networks for Saliency Detection  

4. Local Estimation

The Proposed Approach

Refinement

1 i iL
i

i i

A C
conf

A C

We define the confidence for the i-th candidate by considering both the 
accuracy score and the coverage score as

To find a subset of optimal object candidates, we sort all the 
candidates by their confidences in a descending order. The refined 
local saliency map is generated by averaging the top K candidate 
regions (K is set to 20 in all the experiments).

Figure 4. From left to right: 
source image, ground truth, 
local saliency map output 
by DNN-L, local saliency 
map after refinement.
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DDeep Neural Networks for Saliency Detection  

 Pipeline of the proposed approach

Framework

Figure 1. Pipeline of our algorithm. (a) Proposed deep network DNN-L. (b) Local 
saliency map. (c) Local saliency map after refinement. (d) Feature extraction. (e) 
Proposed deep network DNN-G. (f) Sorted object candidate regions. (g) Final saliency 
map. 
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DDeep Neural Networks for Saliency Detection  

4. Global Search

The Proposed Approach

• We formulate a DNN-based regression method for saliency detection, 
where various saliency cues are considered simultaneously and their 
complex dependencies are learned automatically through a supervised 
learning scheme. 

• For each input image, we first detect local saliency using the proposed 
local estimation method. A 72-dimensional feature vector is extracted to 
describe each object candidate generated by the GOP method from a 
global view. 

• The proposed deep network DNN-G takes the extracted features as 
inputs and predicts the saliency values of the candidate regions 
through regression.



Huchuan Lu       IIAU-Lab Dalian University of Technology42
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4. Global Search

The Proposed Approach

Global Features

The proposed 72-dimensional feature vector covers global contrast 
features, geometric information, and local saliency measurements of 
object candidate regions.

Table 2. Global contrast features of object candidate regions.
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DDeep Neural Networks for Saliency Detection  

4. Global Search

The Proposed Approach

Global Features

The proposed 72-dimensional feature vector covers global contrast 
features, geometric information, and local saliency measurements of 
object candidate regions.

Table 3. Geometric information and local saliency measurements of object regions.
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DDeep Neural Networks for Saliency Detection  

4. Global Search

The Proposed Approach

Architecture of DNN-G

Table 4. The architecture of the proposed DNN-G. F: fully connected layer; R: 
ReLUs;  D: dropout; Channels: the number of output feature maps; Input size: 
the spatial size of input feature maps
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DDeep Neural Networks for Saliency Detection  

4. Global Search

The Proposed Approach

Training of DNN-G

• For each image in the training data set, around 1200 object 
regions are generated as training samples using the GOP method. 

• The proposed 72-dimensional global feature vector v is extracted 
from each candidate region and then preprocessed by subtracting 
the mean and dividing the standard deviation of the elements.

• A label vector of precision     and overlap rate   ,                   is 
assigned to each object region      .

ip io [p , ]i i ioy
iO
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4. Global Search

The Proposed Approach

Training of DNN-G

The network parameters      of DNN-G are learned by solving the 
following optimization problem:

Where                               is the output of DNN-G for the i-th training 
sample;         is the weight of the k-th layers. The optimization is 
conducted by stochastic gradient descent with a batch size m of 
1000 and momentum of 0.9.
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DDeep Neural Networks for Saliency Detection  

4. Global Search

The Proposed Approach

Saliency Prediction via DNN-G Regression

• The global confidence score of the i-th candidate region is 
defined by

• Denote                       as the mask set of all the candidate 
regions in the input image sorted by the global confidence 
scores in a descending order. The corresponding global 
confidence scores are represented by                                 .      
The final saliency map is computed by a weighted sum of          
the top K candidate masks,
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DDeep Neural Networks for Saliency Detection  

5. Experimental Results

The Proposed Approach

Setup

• We evaluate the proposed algorithm (LEGS) on four benchmark 
data sets: MSRA-5000 [22], SOD [25], ECCSD [32] and PASCAL-
S [21], against ten state-of-the-art methods: SVO [4], PCA[24], 
DRFI [15], GC [6], HS [32], MR [33], UFO [16], wCtr [34], 
CPMCGBVS [21] and HDCT [17].

• We randomly sample 3000 images from the MSRA-5000 data set 
and 340 images from the PASCAL-S data set to train the 
proposed two networks. The remaining images are used for tests. 
Both horizontal refection and rescaling ( 5%) are applied to all 
the training images to augment the training data set.
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5. Experimental Results

The Proposed Approach

Qualitative Evaluation

Figure 5. Saliency maps. Top, middle and bottom two rows are images from the SOD, 
ECCSD and PASCAL-S data sets. GT: ground truth. LEGS: the proposed method.
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5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Figure 6. PR curves of saliency detection methods on SOD and ECCSD data set, 
respectively.
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5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Figure 7. PR curves of saliency detection methods on PASCAL-S and MSRA-5000
data set, respectively.
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DDeep Neural Networks for Saliency Detection  

5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Table 5. Quantitative results using F-measure and MAE. The best and second best 
results are shown in red color and blue color. 
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DDeep Neural Networks for Saliency Detection  

6. Conclution

The Proposed Approach

We propose DNNs for saliency detection by combining local 
estimation and global search. In the local estimation stage, the 
proposed DNN-L estimates local saliency by learning rich image 
patch features from local contrast, texture and shape information. 
In the global search stage, the proposed DNN-G effectively 
exploits the complex relationships among global saliency cues 
and predicts the saliency value for each object region. 

Our method integrates low level saliency and high level 
objectness through a supervised DNN-based learning schemes. 

Experimental results on four benchmark data sets show that the 
proposed algorithm achieves favorable results against the state-
of-theart methods.
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SSaliency Detection with Recurrent Fully  Convolutional Networks 
ECCV2016 

 
Linzhao Wang, Lijun Wang, Huchuan Lu, Pingping Zhang, Xiang Ruan 

Saliency Detection with Recurrent Fully  Convolutional 
NNetworks 
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Motivation Saliency Detection with Recurrent Fully  Convolutional 
NNetworks 

1. Motivation 

Motivation

• Existing Issues 

• Saliency priors are completely 
discarded by most CNN based 
methods. 

• A limited size of local image patches 
is considered by CNNs to predict the 
saliency label of a pixel. 

• Binary classification, which 
represents saliency detection 
problems, have relatively weak 
supervision information. 

• Our Approach 

• Incorporation of saliency priors 
into the network can facilitate 
training and inference. 

• Recurrent structure is utilized to 
refine the coarse inference from 
previous time steps. 

• A novel RFCN pre-training method 
is designed for saliency detection 
using semantic segmentation data 
to leverage strong supervision. 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

2. Pipeline of the proposed approach

Framework

Figure 1. Architecture overview of our RFCN model. 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

4. Main steps of the proposed approach

The Proposed Approach

1 Saliency Prior Maps 

2 Recurrent Architecture 

3 Training RFCN 

4 Post-Processing 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

1 Saliency Prior Maps 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

• We encode prior knowledge into a saliency prior map which serves as the input to 
the network. The priors include color, intensity and orientation feature contrast. 
Then we integrate these priors together and filter the result with a gaussian
function, which proves center prior information.

Figure 2. Saliency prior map.

(a) Image (b) Ground truth (c) Prior map
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

2 Recurrent Architecture 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

Figure 3. Two kind of recurrent architeture.
(a) (b)
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

1. Architecture 1(As in Figure 3(a))
• The saliency prior map is incorporated into the network and  the first convolutional 

layer can be modified by

• In the first time step, the prediction is produced with the input image and the 
saliency prior map. The RFCN then refine the saliency prediction by considering 
both the input image and the last prediction as

• For this recurrent architecture, forward propagation of the whole network is 
conducted in every time step, which is very expensive in terms of both computation 
and memory. We adopt this architecture for accuracy in our paper.
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

3 Training RFCN 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

• Our RFCN training approach consists of two stages: pre-training and fine-tuning.
• Pre-training is conducted on the PASCAL VOC 2010 semantic segmentation 

data set. Saliency detection and semantic segmentation are highly correlated but 
essentially different in that saliency detection aims at separating generic salient 
objects from background, whereas semantic segmentation focuses on
distinguishing objects of different categories. The loss function for pre-training 
across all time steps is defined as

• After pre-training, we modify the RFCN network architecture by removing the first 
C + 1 channels of the last feature map and only maintaining the last two 
channels, and then fine-tune it with saliency data set.
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

4 Post-Processing 
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

• Given the final saliency score map predicted by the RFCN, we first segment the 
image into foreground and background regions by thresholding it with its mean 
saliency score.

• We then compute a spatial confidence and a color confidence score for each 
pixel. The spatial confidence is defined considering the spatial distance of the 
pixel to the center of the foreground region and the color confidence is defined to 
measure the similarity of the pixel to foreground region in RGB color space.

• Finally, we weight the predicted saliency scores by spatial and color confidences 
to dilate the foreground region.
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

The Proposed Approach

Figure 4. Saliency detection results on different stages. (a)Original images. 
(b)Ground truth. (c)Results of pre-trained RFCN. (d) Results of ne-tuned 
RFCN. (e) Result after post-processing.
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SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

5. Experimental Results

The Proposed Approach

Setup

• We evaluate the proposed algorithm (RFCN) on five benchmark 
data sets: SOD [24], ECCSD [35], PASCAL-S [19], SED1 [1] and 
SED2 [1], against twelve state-of-the-art methods: MTDS [17], 
LEGS [31], MDF [16], BL [29], DRFI [12], UFO [13], PCA [23], HS 
[35], wCtr [38], MR [36], DSR [18] and HDCT [14].

• We utilize 10103 training images belonging to 20 object classes 
from the PASCAL VOC 2010 semantic segmentation data set for 
pre-training and all the 10k images from THUS10k [2] data set for 
fine-tuning. We don’t adopt any data augmentation.
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5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Figure 5. PR curves of saliency detection methods on SOD and ECCSD data set, 
respectively.



Huchuan Lu       IIAU-Lab Dalian University of Technology70

SSaliency Detection with Recurrent Fully  Convolutional 
NNetworks  

5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Figure 6. PR curves of saliency detection methods on PASCAL-S and SED1 data set, 
respectively.
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5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Figure 7. Performance of RFCN on SED2 data set.
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5. Experimental Results

The Proposed Approach

Quantitative Evaluation

Table 1. F-measure and AUC (Area Under ROC Curve) on the SOD, ECSSD, PASCAL-S
and SED1 data sets. The best two results are shown in red and blue fonts respectively. 
The proposed methods rank first and second on the four data sets. 
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6. Conclution

The Proposed Approach

We propose a recurrent fully convolutional network based saliency 
detection method. 

Heuristic saliency priors are incorporated into the network to 
facilitate training and inference. 
The recurrent architecture enables our method to refine 
saliency maps based on previous output and yield more 
accurate predictions.

Experimental results on five benchmark data sets show that the 
proposed algorithm achieves favorable results against the state-
of-the-art methods.
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Outline

Huchuan Lu, IIAU-Lab, DLUT Deep Visual Tracking 

Deep Visual Tracking 

 
 

 • Visual tracking: a challenging task

• Deep visual tracking: Classification and Review

• FCNT(ICCV15)

• STCT(CVPR16)
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Visual Tracking
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• Goal  

• To track an arbitrary object in a video given its initial location. 
 

 
 

 
 

• Applications   
• surveillance 
• motion analysis 
• object recognition 
• human-computer interaction 
• traffic control 

Deep Visual Tracking 

Deep Visual Tracking 
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Challenges
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Occlusion Scale variation Motion blur 

Background 
clutter 

Illumination 
change 

In/out of plane 
Rotation 

Deep Visual Tracking 
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Deep Visual Tracking 

Basic Framework:  

Huchuan Lu, IIAU-Lab, DLUT

 
 
 

 

For each new frame, 
Which candidate is the 
best ?(object)

Computing 
Similarity

Minimising 
reconstruction 
error

Classifier
Update scheme:
Online

Batch mode method?

Online Method?

Deep Visual Tracking 

Deep Visual Tracking 
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Deep Visual Tracking 

Two basic components:  motion & appearance  

Huchuan Lu, IIAU-Lab, DLUT

 
 
 

 

At time t-1, how to predict next state of the target
A Dynamic /Motion Model:  like Kalman filter and particle filter

At time t, how to verify predictions using image 
observations

An Appearance /Observation  Model : describe and evaluate an 
observation

Deep Visual Tracking 

Deep Visual Tracking 
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Deep Visual Tracking 

Review
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Deep Visual Tracking 

The MDNet tracker is the winner of VOT 2015
competition.

All the top-4 trackers in the VOT2016 competition,
including

      C-COT, TCNN, SSAT^1, MLDF^2, are based on deep
neural           

      networks.

^1: SSAT is an extended version of MDNet.
^2: MLDF is designed based on STCT and FCNT.

Performance
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Deep Visual Tracking 

Classification

Deep Trackerer 

Network Network 
Structure

rk 
rere 

CNNTNT 

CVFCTCT 

FCVTVT  

SNTNT  RNNTNT 

FCTCT  

Network Network 
Application

k 
onon 

Feature e Extraction n with  h  Network(FENN)N) 
Singlele-e-layer(FENN-N-SL)L)L  

Multilt -ti-layer(FENN-N-ML)L) 

Enene e to o oo End Network(EENN)N) 

Object Region + Score(EENN-N-OSSOS)S) 

Search Region + Position(EENN-N-SPSPS )PP) 

Search Region +  +  Heatmapap(EENN-N-SHHSH)H) 

Siamese Network + Score(EENN-N-TSTST )SS) 

Siamese Network + + Heatmapap(EENN-N-TH) 
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Deep Visual Tracking 

Classification Based on Network Structure

         Network Using CNNs:
              General CNNs, Fully Convolutional Networks, 

Siamese Networks
      e.t. MDNet, SANet, STCT, FCNT, SINT, Siame_FC,…

        Network Using RNNs
      e.t. RTT, SANet, ROLO,…

        Network Using Fully Connected Networks
      e.t. DLT,…

Network Network
Structure

rk 
rere 

CNNTNT 

kkkkkkkkkkkkkkkkkksss CVFCTCT 

FCNTNT  

SNTNT  RNNTNT 

FCTCT  
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Deep Visual Tracking 

Network Using CNNs   MDNet (CVPR16)
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Deep Visual Tracking 

Network Using RNNs   SANet (16)
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Deep Visual Tracking 

Network Using Fully Connected Networks   
DLT(NIPS13)
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Deep Visual Tracking 

Classification Based on Network Application

         Network for Feature Extraction :
              single layer, multiple layers
        End to End network:
              input object region, search region, …

      output particle score, heatmap, position, bounding 
box,…
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Deep Visual Tracking 

Network for Feature Extraction

         Network for Feature Extraction 
              single layer : 

DeepSRDCF, CNT, DLT, RPNT, RTT, CNN-
SVM,…   
     

               multiple layers : 
HCFT, HDT, C-COT, …

        
                        Mutiple layers usually perform better 
        

Pretrained Network 
(VGG, AlexNet,…) 
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Deep Visual Tracking 

Deep Features + KCF

HCFT ICCV15



Huchuan Lu       IIAU-Lab Dalian University of TechnologyHuchuan Lu, IIAU-Lab, DLUT Deep Visual Tracking 

Deep Visual Tracking 

         End to End network:
              input object region, search region, …

      output particle score, heatmap, position, bounding 
box,…

        

End to End Network

Input Region Output Region 

MDNet Object region Particle score 
FCNT Search region Heatmap 
STCT Search region Heatmap 
SINT Two object region Particle score 
GOTURN Object region & Search 

region 
Bounding box 
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Deep Visual Tracking 

TCNN VOT16
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Deep Visual Tracking 

SINT CVPR16
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Deep Visual Tracking 

Our Work

STCT   (CVPR16)

FCNT   (ICCV15)
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Deep Visual Tracking 

FCNT ICCV15
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FCNT ICCV15
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FCNT ICCV15
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FCNT ICCV15
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FCNT ICCV15
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STCT (CVPR16)
 

 

Deep visual tracking 

Deep visual tracking - STCT
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Motivation
 
•  Problems 

• The limited amount of training samples is prone to overfitting. 
• Features learned from conventional method for training CNNs is highly 

correlated to each other. 
 
• Sequentially training CNN as learning ensembles of base learners: 

• Each base learner is trained using different loss criterions to reduce 
feature correlation and avoid over-training. 

 
 
 
 

 
 

 

Deep visual tracking 

Deep visual tracking - STCT
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Motivation
 
•  Problems 

•  Significant target appearance may changes caused by abrupt occlusion. 
 

 
• Convolution with random binary mask: 

• Enforce the learned convolution kernels to focus on different part of the 
input feature map 

• Further reduce the correlation between the learned features and prevent 
over-training. 

 
 
 
 

 
 

Deep visual tracking 

Deep visual tracking - STCT
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Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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• Online Training CNNs as Sequential Ensemble learning 
• The feature map in the second layer is obtained by convolving the kernel 

with the feature map in the first layer as 
 
 
 

• We regard the feature map as an ensemble of base learners  
 

 
 
•  The base learner is defined as  

 
 

  
   
 

Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 

(a) (b)

(a)Conventional method for training a two-layer CNN online to transfer pre-
trained deep feature.
(b)The proposed method trains the CNN method trains the CNN model via 
sequentially sampling optimal base learners into an ensemble.
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• Online Training CNNs as Sequential Ensemble learning 
• Regard a CNN as an ensemble with channels as base learners. 
• Each base learner is trained using a different loss criterion. 
• All the base learners are sequentially sampled into the ensemble 

 
  
   
 
 
 
 

 
 
 

 

Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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• Convolutional with Mask Layer 
We divide each mask into a grid of 2*2 blocks . All the values within each 
block are initialized by one random variable which is drawn from a Bernoulli 
distribution.  

Deep visual tracking 

Deep visual tracking - STCT

CNN Training as Ensemble Learning 
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• Overview 
 

Deep visual tracking 

Deep visual tracking - STCT

Tracking Algorithm
 

• Employs pre-trained VGG as the feature extractor.
• Sequentially train CNN-A network to predict target center.
• Learning SPN network to handle scale variations.
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• Evaluation on OTB Date Set 
 

Deep visual tracking 

Deep visual tracking - STCT

Experimental Results

Average success plots and precision plots of nine method in OTB data set for 
OPE,TRE and SRE evaluations. Trackers are ranked according to the Area Under 
Curve(AUC) scores.
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• Evaluation on OTB Date Set 
 

Deep visual tracking 

Deep visual tracking - STCT

Experimental Results

Qualitative results of the proposed STCT tracker on a subset of challenging 
sequences: Singer1, Skating1, Car4, CarScale,Couple, Dog1, Doll, Freeman3, 
Freeman1, Soccer, Jogging-2, ,Matrix, MotorRolling , Walking2, Suv and Liquor.
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• Evaluation on OTB Date Set 
 

Deep visual tracking 

Deep visual tracking - STCT

Experimental Results

Average AUC scores of the success plots of the four leading trackers under 
different attributes of test sequences in OPE, including: illumination variation (IV), 
out-of-plane rotation (OPR),scale variation (SV), occlusion (OCC), deformation 
(DEF), motion blur (MB), fast motion (FM), in-plane rotation (IPR), out-of-view 
(OV), background cluttered (BC) and low resolution (LR).
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• Evaluation on VOT2014 Date Set 
 

Deep visual tracking 

Deep visual tracking - STCT

Experimental Results

The average ranks of accuracy and robustness under baseline and region noise
experiments in VOT2014. The first, second and third best methods are 
highlighted in red, blue and green colors, respectively
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• Evaluation on VOT2014 Date Set 
 

Deep visual tracking 

Deep visual tracking - STCT

Experimental Results

The robustness-accuracy ranking plots of 16 leading tracking 
methods under baseline and region noise experiments in 
VOT2014 data set. The better trackers are located at the 
upper-right corner.
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Thank You 

Huchuan Lu, IIAU-Lab, DLUT

Thank You!!
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