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Конференция ECCV’14 



Основные темы, ключевые слова и тенденции 
• Convolution networks, Deep learning, Sparse coding, Image Retrieval 
• Structure-from-Motion, SLAM, 3DFlow 
• 3D-data, RGBD-data, 4D-data 
• Segmentation, Video Segmentation, MRF, CRF, Energy, Graphical Models, Superpixels 
• Multi-Tracking, Human/Pedestrian Detection 
• Human pose estimation, Human Action Detection and Prediction 
• Crowd behavior,  Group analysis 
• Saliency 
• Part-Based Deformable Models 
• Face Detection, Alignment, Recognition 
• Shape Analysis, Laplace-Beltrami operators, Manifolds 
• Symmetric Positive Definite (SPD) matrices, Riemannian Manifolds, Grassmann manifolds 
• Benchmarks 
• UAVs, Fish-eye cameras, Unmanned Cars 

Отдельные интересные работы и результаты 
• Picture and Video Annotation, Image Tags, Video Tags 
• Deblurring 
• Image Matching and Fusion 
• Super-resolution 
• Intelligent Lighting 



Содержание презентации 

• Реконструкция 3D сцены и навигация в ней: 
Structure-from-Motion, SLAM, Road Scene 
Understanding and Autonomous Driving 

• Понимание типового видеосюжета: Multi-Tracking, 
Human Detection, Human pose estimation, Human 
Action Detection and Prediction, Crowd behavior, Group 
analysis, Face Detection and Recognition 

• Распознавание изображений: Convolution networks, 
Deep learning, Sparse coding, Image Retrieval 

• Зрительное внимание: Saliency 
• Сегментация: Image, Video & 3D Segmentation, MRF, 

Energy-based, Graphical Models, Superpixels, 3D-Flow 
• Форма: Morphology, Shape Analysis, Manifolds, SPD 
• Контроль результатов и уровень задач: Benchmarks 



Реконструкция 3D сцены и 
навигация в ней: 

Structure-from-Motion, 

 SLAM, Road Scene 

Understanding and 
Autonomous Driving 



Structure-from-Motion 
• Structure-from-Motion – технология реконструкции 3D сцены на основе 

множества разноракурсных снимков и оценки положения/параметров 
относительной ориентации снимков 

Building Rome in a day.                                              ICCV 2009 Boujou 
 
• Библиотеки – Bundler, CMVS, PMVS и т.д. 

По материалам А. С. Конушина 



Structure-from-Motion 
• Structure-from-Motion – технология реконструкции 3D сцены на основе 

множества разноракурсных снимков и оценки положения/параметров 
относительной ориентации снимков 

По материалам А. С. Конушина 

Scene Chronology. Kevin Matzen, Noah Snavely. ECCV2014 



SLAM 

• SLAM – технология одновременной реконструкции 3D сцены и оценки 
положения/параметров движения камеры 

LSD-SLAM: Large-Scale Direct Monocular SLAM, 
Jakob Engel and Thomas Schops and Daniel Cremers, ECCV’14 



SLAM 
• SLAM – технология одновременной реконструкции 3D сцены и оценки 

положения/параметров движения камеры 

LSD-SLAM: Large-Scale Direct Monocular SLAM, 
Jakob Engel and Thomas Schops and Daniel Cremers, ECCV’14 



SLAM 
• SLAM – технология одновременной реконструкции 3D сцены и оценки 

положения/параметров движения камеры 

Video Registration to SfM Models, 
Till Kroeger and Luc Van Gool, ECCV’2014 



Object-level SLAM 

Towards real-time, dense tracking, reconstruction and scene understanding, 
A. Davison, PCV’14 



Распознавание характерных элементов городской 
среды для привязки видеоданных к карте 

1) GIS-Assisted Object Detection and Geospatial Localization, 
Shervin Ardeshir, Amir Roshan Zamir, Alejandro Torroella, and Mubarak Shah, ECCV’14 
2) Augmenting vehicle localization accuracy with cameras and 3D road infrastructure 
database, Lijun Wei, Bahman Soheilian, Valerie Gouet-Brunet, ECCV’14, W02 



Распознавание характерных элементов городской 
среды для привязки видеоданных к карте 

Vision-based Vehicle Localization using a Visual Street Map with Embedded SURF Scale, 
David Wong, Daisuke Deguchi, Ichiro Ide, and Hiroshi Murase, ECCV’14, W02 



Распознавание характерных элементов городской 
среды для привязки видеоданных к карте 

Vision-based Vehicle Localization using a Visual Street Map with Embedded SURF Scale, 
David Wong, Daisuke Deguchi, Ichiro Ide, and Hiroshi Murase, ECCV’14, W02 



Распознавание характерных элементов городской 
среды для привязки видеоданных к карте 

Deep Features for Text Spotting, 
Max Jaderberg, Andrea Vedaldi, and Andrew Zisserman, ECCV’14 



Распознавание характерных элементов городской 
среды для привязки видеоданных к карте 

(Huang, Qiao, and Tang, 2014) 



SLAM, Autonomous Driving 

Towards real-time, dense tracking, reconstruction and scene understanding, 
A. Davison, PCV’14 



SLAM, UAV, Fish-eye Camera 

Real-time Accurate Geo-localization of a MAV with Omnidirectional Visual 
Odometry and GPS, Johannes Schneider and Wolfgang Forstner, ECCV’14, W02 



Autonomous Driving 



Autonomous Driving 

Multi-Camera Systems in the V-Charge Project: Fundamental 
Algorithms, Self Calibration, and Long-Term Localization, 
Paul Furgale, ECCV’14, W15 



Autonomous Driving 

Multi-Camera Systems in the V-Charge Project: Fundamental 
Algorithms, Self Calibration, and Long-Term Localization, 
Paul Furgale, ECCV’14, W15 



Autonomous Driving 

Intelligent Drive & Pedestrian Safety 2.0, 
Dariu Gavrila, ECCV’14, W15 



Понимание типового 
видеосюжета: Multi-Tracking, 

Human Detection 
Human pose estimation, 

Human Action Detection and Prediction, 

Crowd behavior, Group analysis 

 



Multi-Tracking 

• Системы автоматического анализа специализированных видеоданных 
(например, некоторых типов спортивных игр) 

(Milan, Roth, Schindler, 2014) 



Multi-Tracking 

• Системы автоматического анализа специализированных видеоданных 
(например, некоторых типов спортивных игр) 

Hybrid Stochastic / Deterministic Optimization for Tracking Sports Players and Pedestrians, 
Robert Collins, Penn State University; Peter Carr, Disney Research, ECCV’14 



Multi-Tracking 

(Collins, Carr, 2014) 



Multi-Tracking 

(Collins, Carr, 2014) 



Multi-Tracking 

(Collins, Carr, 2014) 



Multi-Tracking, Fusion 

A Superior Tracking Approach: Building a Strong Tracker through Fusion, 
Christian Bailer, Alain Pagani, Didier Stricker, ECCV’14 



Multi-Tracking, Fusion 
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Multi-Tracking, Fusion 

A Superior Tracking Approach: Building a Strong Tracker through Fusion, 
Christian Bailer, Alain Pagani, Didier Stricker, ECCV’14 



Multi-Tracking, Fusion 

A Superior Tracking Approach: Building a Strong Tracker through Fusion, 
Christian Bailer, Alain Pagani, Didier Stricker, ECCV’14 



Обнаружение людей (пешеходов) 

State-of-Art: 
 

(Felzenszwalb, Girshick, McAllester and 
Ramanan, 2010) 

 
(Dollár, Wojek, Schiele, Perona, 2012) 



Обнаружение людей (пешеходов) 

Ten years of pedestrian detection, what have we learned? 
R. Benenson. et. Al, ECCV 2014 

По материалам А. С. Конушина 



Обнаружение людей (пешеходов) 

Ten years of pedestrian detection, what have we learned? 
R. Benenson. et. Al, ECCV 2014 

По материалам А. С. Конушина 



Предсказание поведения людей (пешеходов) 

• Предсказание поведения 
людей (пешеходов): 
Перейдет ли пешеход 
дорогу? 

Context-Based Pedestrian Path Prediction, 
Kooij, Schneider, Flohr, and Gavrila, ECCV’14 



Предсказание поведения людей (пешеходов) 

Context-Based Pedestrian Path Prediction, 
Kooij, Schneider, Flohr, and Gavrila, ECCV’14 



Crowd behavior, Group analysis 

Crowd Tracking with Dynamic Evolution of Group Structures, 
Feng Zhu, Xiaogang Wang, and Nenghai Yu, ECCV’14 

• Оценка характера поведения групп людей или толпы 
• Выделение и прослеживание отдельных людей в толпе 



Ре-идентификация людей при съемке 
в различных условиях 

VIPeR dataset PRID dataset 

(T. Wang et al., 2014) 



Ре-идентификация людей при съемке 
в различных условиях 

• Гистограммы цветовых и геометрических свойств 

Salient Color Names for Person Re-identification, 
Yang Yang, Jimei Yang, Junjie Yan, Shengcai Liao, Dong Yi, and Stan Z. Li1, ECCV’14 



Ре-идентификация людей при съемке 
в различных условиях 

(T. Wang et al., 2014) 



Распознавание действий людей 

Video Action Detection with Relational Dynamic-Poselets, L. Wang, Y. Qiao, and X. Tang, ECCV’14 



Распознавание действий людей 

Video Action Detection with Relational Dynamic-Poselets, L. Wang, Y. Qiao, and X. Tang, ECCV’14 



Распознавание взаимодействий людей 

Action-Reaction: Forecasting the Dynamics of Human Interaction, 
De-An Huang and Kris M. Kitani, ECCV’14 



Построение и использование пространственно-
временных логик и онтологий для анализа 

сложных динамических сцен 

Events detection using a video-surveillance Ontology and a rule-based approach, 
Yassine Kazi Tani, Adel Lablack, Abdelghani Ghomari, and Ioan Marius Bilasco, ECCV’14 



Построение и использование пространственно-
временных логик и онтологий для анализа 

сложных динамических сцен 

Group walking, Group 
running, Group merging 

and Group splitting. 

Events detection using a video-surveillance Ontology and a rule-based approach, 
Yassine Kazi Tani, Adel Lablack, Abdelghani Ghomari, and Ioan Marius Bilasco, ECCV’14 



Автоматическое аннотирование видеоданных 
с использованием текстовых тегов 

Linking People in Videos with “Their” Names Using Coreference Resolution, 
Vignesh Ramanathan, Armand Joulin, Percy Liang, and Li Fei-Fei, ECCV’14 



Face 
Detection and 

Recognition 



Обнаружение лиц 

Face detection without bells and whistles. 
M. Mathias. et. alECCV2014 

По материалам А. С. Конушина 

Не в реальном времени: по оценкам, при использовании всех ускорений, на GPU или 
многоядерной системе может достичь 10 кадров/сек 



Распознавание лиц в сложных условиях 
съемки, при низком разрешении, при 

наличии мимики 

Joint Cascade Face Detection and Alignment, 
Dong Chen, Shaoqing Ren, YichenWei, Xudong Cao, and Jian Sun, ECCV’2014 



Распознавание 
изображений: 

Convolution networks, 
Deep learning, 
Sparse coding, 
Image Retrieval 



Convolution networks, Deep learning, Image Retrieval 

2011: First Superhuman Visual Pattern Recognition  
twice better than humans 

three times better than the closest artificial competitor 

six times better than the best non-neural method 

Jürgen Schmidhuber 

http://people.idsia.ch/~juergen/deeplearning.html 

http://www.idsia.ch/~juergen
http://www.idsia.ch/~juergen


Convolution networks, Deep learning, Image Retrieval 

The list of won competitions  in Computer Vision: 
9. MICCAI 2013 Grand Challenge on Mitosis 
Detection  
8. ICPR 2012 Contest on Mitosis Detection in 
Breast Cancer Histological Images  
7. ISBI 2012 Brain Image Segmentation Challenge 
(with superhuman pixel error rate)  
6. IJCNN 2011 Traffic Sign Recognition Competition 
(only our method achieved superhuman results)  
5. ICDAR 2011 offline Chinese Handwriting 
Competition  
4. Online German Traffic Sign Recognition Contest  
3. ICDAR 2009 Arabic Connected Handwriting 
Competition  
2. ICDAR 2009 Handwritten Farsi/Arabic Character 
Recognition Competition  
1. ICDAR 2009 French Connected Handwriting 
Competition. Compare the overview page on 
handwriting recognition. 

Records in important Machine 
Learning (ML) benchmarks: 
D. Chinese characters from the ICDAR 
2013 competition (3755 classes)  
C. The MNIST Handwritten Digits 
Benchmark (perhaps the most 
famous ML benchmark; we achieved 
the 1st human-competitive result in 
2011)  
B. The CIFAR Image Classification 
Benchmark  
A. The NORB Stereo Vision Object 
Recognition Benchmark 

http://people.idsia.ch/~juergen/deeplearning.html 



Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning 

Автоэнкодер 



Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning 

Deep architecture: обучение последовательности автоэнкодеров 



Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning 

Deep architecture: обучение многослойной сети автоэнкодеров 



Архитектура “Coding + Pooling” = “Кодирование + Объединение ” 
(e.g., convolutional neural net, HMAX, BoW, …) 

Coding                           Pooling                  Coding                 Pooling 

Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning (Kai Yu, 2012) 

- Coding: nonlinear mapping data into another feature space 

- Better coding methods:  sparse coding, RBMs, auto-encoders 



Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning (Kai Yu, 2012) 

Sparse coding (Olshausen & Field,1996). Originally 

developed to explain early visual processing in the brain 

(edge detection).  

Training: given a set of random patches x, learning a 

dictionary of bases [Φ1, Φ2, …] 

Coding: for data vector x, solve LASSO to find the 

sparse coefficient vector a 

 

 

 



Convolution networks, Deep learning, Image Retrieval 

Идеи Deep Learning (Kai Yu, 2012) 

    Natural Images Learned bases (f1 , …, f64):  “Edges” 
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 0.8 *                + 0.3 *              + 0.5 * 

     x       0.8 *       f
36         +  0.3 *        f42          

+ 0.5 *       f63 [a1, …, a64] = [0, 0, …, 0, 0.8, 0, …, 0, 0.3, 0, …, 0, 0.5, 0]  
(feature representation)  

Test example 



Convolution networks, Deep learning, Image Retrieval 

Visualizing and Understanding Convolutional Networks,  
Matthew Zeiler and Rob Fergus, ECCV’14 

A deconvnet layer (left) 
attached to a convnet layer 
(right).  
 
The deconvnet will reconstruct 
an approximate version of the 
convnet features from the layer 
beneath. 

Novel visualization technique 
that gives insight into the 
function of intermediate 
feature layers and the 
operation of the classifier. 



Convolution networks, Deep learning, Image Retrieval 

Visualizing and Understanding Convolutional Networks,  
Matthew Zeiler and Rob Fergus, ECCV’14 

Visualization of features in a fully trained model. For layers 2-5 we show the top 
9 activations in a random subset of feature maps across the validation data, projected 
down to pixel space using our deconvolutional network approach. Our reconstructions 
are not samples from the model: they are reconstructed patterns from the validation set 
that cause high activations in a given feature map. For each feature map we also show 
the corresponding image patches. 



Convolution networks, Deep learning, Image Retrieval 

Visualizing and Understanding Convolutional Networks,  
Matthew Zeiler and Rob Fergus, ECCV’14 



Convolution networks, Deep learning, Image Retrieval 

Visualizing and Understanding Convolutional Networks,  
Matthew Zeiler and Rob Fergus, ECCV’14 



Convolution networks, Deep learning, Image Retrieval 

Part-based R-CNNs for Fine-Grained Category Detection, 
Ning Zhang, Jeff Donahue, Ross Girshick, Trevor Darrell, ECCV’14 

The problem of visual fine-grained categorization can be extremely challenging 
due to the subtle differences in the appearance of certain parts across related 
categories. In contrast to basic-level recognition, fine-grained categorization aims 
to distinguish between different breeds or species or product models, and often 
requires distinctions that must be conditioned on the object pose for reliable 
identification. Facial recognition is the classic case of fine-grained recognition, 
and it is noteworthy that the best facial recognition methods jointly discover 
facial landmarks and extract features from those locations. 

Специфика задачи детальной классификации объектов 



Convolution networks, Deep learning, Image Retrieval 

Part-based R-CNNs for Fine-Grained Category Detection, 
Ning Zhang, Jeff Donahue, Ross Girshick, Trevor Darrell, ECCV’14 

Overview of our part localization: Starting from bottom-up region proposals (top-left), we 
train both object and part detectors based on deep convolutional features. During test 
time, all the windows are scored by all detectors (middle), and we apply non-parametric 
geometric constraints (bottom) to rescore the windows and choose the best object and 
part detections (top-right). The final step is to extract features on the localized semantic 
parts for fine-grained recognition for a pose-normalized representation and then train a 
classifier for the final categorization.  



Convolution networks, Deep learning, Image Retrieval 

Part-based R-CNNs for Fine-Grained Category Detection, 
Ning Zhang, Jeff Donahue, Ross Girshick, Trevor Darrell, ECCV’14 

In each row, the first column is the test image with an R-CNN bounding box detection, and 
the rest are the top-five nearest neighbors in the training set, indexed using pool5 
features and cosine distance metric. 



Convolution networks, Deep learning, Image Retrieval 

Coarse-to-Fine Auto-Encoder Networks (CFAN) for Real-Time Face Alignment, 
Jie Zhang, Shiguang Shan, Meina Kan, Xilin Chen, ECCV’14 



Convolution networks, Deep learning, Image Retrieval 

Coarse-to-Fine Auto-Encoder Networks (CFAN) for Real-Time Face Alignment, 
Jie Zhang, Shiguang Shan, Meina Kan, Xilin Chen, ECCV’14 

Proposed CFAN attempts to design the general cascade regression framework in a coarse-
to-fine architecture, with the regression in each stage modeled as a nonlinear deep 
network. Specifically, the CFAN framework consists of several successive Stacked Auto-
encoder Networks (SANs). Each SAN attempts to characterize the nonlinear mappings 
from face image to face shape in different scales based on the shape predicted from the 
previous SAN. 



Convolution networks, Deep learning, Image Retrieval 

Coarse-to-Fine Auto-Encoder Networks (CFAN) for Real-Time Face Alignment, 
Jie Zhang, Shiguang Shan, Meina Kan, Xilin Chen, ECCV’14 



Convolution networks, Deep learning, Image Retrieval 

Coarse-to-Fine Auto-Encoder Networks (CFAN) for Real-Time Face Alignment, 
Jie Zhang, Shiguang Shan, Meina Kan, Xilin Chen, ECCV’14 



Image Retrieval 

• Поиск по сходству в коллекциях изображений 

Similarity-Invariant Sketch-Based Image Retrieval in Large Databases, 
Sarthak Parui and Anurag Mittal, ECCV’14 



Image Retrieval 

• Поиск по сходству в коллекциях изображений 

Similarity-Invariant Sketch-Based Image Retrieval in Large Databases, 
Sarthak Parui and Anurag Mittal, ECCV’14 



Image Retrieval 

• Поиск по сходству в коллекциях изображений 

Learning Graphs to Model Visual Objects across Different Depictive Styles, 
Qi Wu, Hongping Cai, and Peter Hall, ECCV’2014 



Зрительное 
внимание: 

Saliency 



Saliency 

Saliency in Crowd, 
Ming Jiang, Juan Xu, and Qi Zhao, ECCV’14 



Saliency 

A Closer Look at Context: From Coxels to the Contextual Emergence of Object Saliency 
Rotem Mairon and Ohad Ben-Shahar, ECCV’14 

Saliency is primarily driven in a bottom-up manner, depending on low level visual 
cues in the visual scene. In one of the first biologically plausible computational models 
for controlling visual attention, Koch and Ullman [31] followed Treisman and Gelade 
[46] and introduced the idea of a saliency map. Visual input is first decomposed into 
severalmaps encoding early visual features. Spatial competition in terms of hierarchical 
center-surround differences then determines their convergence to a unique map 
encoding saliency at each location. Most subsequent bottom-up saliency algorithms 
followed this model and compute the saliency of pixel constituents based on their local 
context (i.e., neighborhood) at multiple scales [27,22,10,25]. Alternatively, context was 
also considered globally, e.g., as a smoothed version of the amplitude [23] or the 
phase [20] spectrum of the image. 

31. Koch, C., Ullman, S.: Shifts in selective visual attention: towards the underlying neural circuitry 4(4), 219–227 (1985) 
46. Treisman, A.M., Gelade, G.: A feature-integration theory of attention. Cognitive Psychology 12(1), 97–136 (1980) 
27. Itti, L., Koch, C., Niebur, E.: A model of saliency-based visual attention for rapid scene analysis. IEEE Transactions on Pattern Analysis 
and Machine Intelligence 20(11), 1254–1259 (1998) 
22. Harel, J., Koch, C., Perona, P.: Graph-based visual saliency. In: Neural Information Processing Systems, pp. 545–552 (2006) 
10. Bruce, N., Tsotsos, J.: Saliency based on information maximization. In: Neural Information Processing Systems, pp. 155–162 (2005) 
25. Itti, L., Baldi, P.: Bayesian surprise attracts human attention. In: Neural Information Processing Systems, pp. 547–554 (2005) 
23. Hou, X., Zhang, L.: Saliency detection: A spectral residual approach. In: Proceedings of the IEEE Conference on Computer Vision and 
Pattern Recognition, pp. 1–8 (2007) 
20. Guo, C., Zhang, L.: A novel multiresolution spatiotemporal saliency detection model and its 
applications in image and video compression. IEEE Transactions on Image Processing 19(1), 185–198 (2010) 



Saliency 

A Closer Look at Context: From Coxels to the Contextual Emergence of Object Saliency 
Rotem Mairon and Ohad Ben-Shahar, ECCV’14 

Unlike the models mentioned above, that mainly act spatially in order to reproduce 
human visual search strategies or predict visual fixations, other methods aim at 
detecting saliency at the higher level of objects. While the (local) visual context used by 
the first class of methods is reasonably intuitive, the forms of visual context employed 
by the latter (object-level) approaches typically remain unexplained. We argue that this 
somewhat obscure relationship often constrains the nature of visual objects they may 
capture in order to measure their saliency. 

Definition. The visual context of a constituent is the set of visual units in the image 
that are used in the computational process that measures its saliency. 



Saliency 

A Closer Look at Context: From Coxels to the Contextual Emergence of Object Saliency 
Rotem Mairon and Ohad Ben-Shahar, ECCV’14 

Contrast-Based Saliency: In the first group are approaches that associate saliency 
with high contrast between local or regional structures. To measure this contrast, 
the computational mechanisms employ various center-surround structures. Some 
approaches define the surround component independent of visual content, e.g., as the 
local neighborhood of a pixel [24,48,1,32] or larger regular blocks [33]. In other 
approaches, the surrounding context depends on a grouping process which typically 
results in a superpixel representation of the image [29,11]. Apart from reducing 
computational costs, superpixels are preferable due to their capacity to preserve 
locally coherent structures (unlike pixels or predefined blocks). To a certain extent, 
these structures facilitate meaningful central constituents when measuring contrast 
and therefore are more suitable for saliency assignment. 
24. Hu, Y., Xie, X., Ma, W.-Y., Chia, L.-T., Rajan, D.: Salient region detection using weighted feature maps based on the human visual 
attention model. In: Aizawa, K., Nakamura, Y., Satoh, S. (eds.) PCM 2004. LNCS, vol. 3332, pp. 993–1000. Springer, Heidelberg (2004) 
48. Wang, L., Xue, J., Zheng, N., Hua, G.: Automatic salient object extraction with contextual cue. In: Proceedings of the IEEE 
International Conference on Computer Vision, pp. 105–112 (2011) 
1. Achanta, R., Estrada, F.J.,Wils, P., S¨usstrunk, S.: Salient region detection and segmentation. In: Gasteratos, A., Vincze, M., Tsotsos, J.K. 
(eds.) ICVS 2008. LNCS, vol. 5008, pp. 66–75. Springer, Heidelberg (2008) 
32. Liu, T., Yuan, Z., Sun, J., Wang, J., Zheng, N., Tang, X., Shum, H.: Learning to detect a salient object. IEEE Transactions on Pattern 
Analysis and Machine Intelligence 33(2), 353–367 (2011) 
33. Ma, Y., Zhang, H.: Contrast-based image attention analysis by using fuzzy growing. In: Proceedings of the Eleventh ACM international 
conference on Multimedia, pp. 374–381 (2003) 
29. Jiang, H.,Wang, J., Yuan, Z., Liu, T., Zheng, N., Li, S.: Automatic salient object segmentation based on context and shape prior. In: 
British Machine Vision Conference (2011) 
11. Chang, K., Liu, T., Chen, H., Lai, S.: Fusing generic objectness and visual saliency for salient object detection. In: Proceedings of the 
IEEE International Conference on Computer Vision, pp. 914–921 (2011) 



Saliency 

A Closer Look at Context: From Coxels to the Contextual Emergence of Object Saliency 
Rotem Mairon and Ohad Ben-Shahar, ECCV’14 

Rarity-Based Saliency: The second group of approaches consider saliency as distinctness 
or rarity. Intuitively, these may signal the importance of a visual constituent 
compared with the redundancy of recurring visual information. Often in this approach 
the context is a global representation of the entire visual input. For example, such a 
representation may be the image mean color vector that is used as reference to measure 
the saliency at all other pixels [2,4]. Alternative representation has considered a smoothed 
version of the phase spectrum [28] in order to suppress non-salient components in the 
original spectrum and thus highlight salient locations after transforming back to the spatial 
domain. In a somewhat related way, image patches that are highly dissimilar to their k-
nearest neighbors were considered salient as this indicates their dissimilarity to all other 
patches [19,11]. Recently, this measure of dissimilarity has been shown oblivious to patch 
statistics, leading to a new measure based on the distance of each patch to the average 
patch along the principal components of the patch distribution [35]. 

2. Achanta, R., Hemami, S., Estrada, F., Susstrunk, S.: Frequency-tuned salient region detection. In: Proceedings of the IEEE Conference 
on Computer Vision and Pattern Recognition, pp. 1597–1604 (2009) 
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11. Chang, K., Liu, T., Chen, H., Lai, S.: Fusing generic objectness and visual saliency for salient object detection. In: Proceedings of the 
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Binarized saliency maps demonstrate the challenges in capturing whole salient objects by contrast (top) and rarity (bottom) 
based approaches. The two leftmost columns in each category show example images and our maps. Contrast: Saliency 
maps in columns c and d are generated as part of saliency computation algorithms. In column c computation is based on 
rectangular structures of varying size and aspect ratio [32] whereas in column d neighboring superpixels were used to 
estimate contrast [29]. The constraints are even more restrictive when only local considerations are involved [1] as shown in 
column e. Rarity: The challenge remains when relying on rarity aspects of saliency, as demonstrated by the maps in columns 
c-e [19,35,14]. When the object consists of multiple parts, only those with rare appearance are detected. The bottom map 
in panel e demonstrates how a large object may render the appearance of its surrounding more rare and therefore more 
computationally salient. 
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What are the characteristics of visual context which allow to consider the 
visual information it embeds (be it an object or not) as salient? 
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http://sites.google.com/site/rgbdsaliency 
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View-Consistent 3D Scene Flow Estimation over Multiple Frames, 
Christoph Vogel, Stefan Roth, and Konrad Schindler, ECCV’14 

(left) Input frames. (right) Reconstructed scene flow, reprojected to disparity and 2D flow field. 
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View-Consistent 3D Scene Flow Estimation over Multiple Frames, 
Christoph Vogel, Stefan Roth, and Konrad Schindler, ECCV’14 

(left) Input frames. (right) Reconstructed scene flow, reprojected to disparity and 2D flow field. 
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Hays (Brown), Pietro Perona (Caltech), Deva Ramanan (UC Irvine), Piotr Dollar 
(Microsoft Research), and C. Lawrence Zitnick (Microsoft Research), ECCV’14 

Objects are labeled using per-instance segmentations to aid in precise object localization. 
Dataset contains photos of 91 objects types that would be easily recognizable by a 4 year 
old. With a total of 2.5 million labeled instances in 328k images.  

http://mscoco.org/ 
Microsoft Common Objects in COntext (MS COCO) dataset 
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Bounding-box Detection. We begin by examining the performance of the well studied 
20 PASCAL object categories on our dataset. We evaluate two different models. 
DPMv5-P: the latest implementation of DPM (release 5) trained on PASCAL VOC 2012.  
DPMv5-C: the same implementation trained on COCO (5000 positive and 10000 
negative images). 

Felzenszwalb, P., Girshick, R., McAllester, D., Ramanan, D.: Object detection with 
discriminatively trained part-based models. PAMI 32(9), 1627–1645 (2010) 
 
Girshick, R., Felzenszwalb, P., McAllester, D.: Discriminatively trained deformable 
part models, release 5. PAMI (2012) 
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Bounding-box Detection  

If we compare the average performance of DPMv5-P on PASCAL VOC and 
MS COCO, we find that average performance on MS COCO drops by nearly a 
factor of 2, suggesting that MS COCO does include more difficult (non-iconic) 
images of objects that are partially occluded, amid clutter, etc. We notice a 
similar drop in performance for the model trained on MS COCO (DPMv5-C). 
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Заключение I 
Задачи компьютерного зрения, доведенные до стадии технологических 
решений: 

• SLAM – технология одновременной реконструкции 3D сцены и оценки 
положения/параметров движения камеры 

• Привязка облаков точек к заданным 3D моделям 
• Распознавание характерных элементов городской среды для привязки 

видеоданных к карте 
• Выделение и прослеживание движущихся объектов 
• Использование правил анализа динамической сцены для генерации 

событий и сообщений в системах видеонаблюдения 
• Системы автоматического анализа специализированных видеоданных 

(например, некоторых типов спортивных игр) 
• Выделение изменений в сцене 
• Обнаружение людей (пешеходов) 
• Обнаружение и распознавание лиц  
• Поиск по сходству в коллекциях изображений 
• Общие успехи в распознавании визуальных образов (Deep Learning) 



Заключение II 
Задачи компьютерного зрения, находящиеся в стадии фундаментального 
исследования и далекие от готовых технологических решений: 

• Оценка характера поведения групп людей или толпы 
• Выделение и прослеживание отдельных людей в толпе 
• Ре-идентификация людей при съемке в различных условиях 
• Распознавание лиц в сложных условиях съемки, при низком 

разрешении, при наличии мимики 
• Распознавание действий людей, особенно – их взаимодействия 

различных типов, операций с предметами , взаимодействия с 
элементами окружающей среды и т.п. 

• Реконструкция природных процессов в сценах наблюдения (пожары, 
наводнения, разрушения, т.п.) 

• Семантический поиск по сходству в коллекциях видеоданных 
• Автоматическое аннотирование видеоданных с использованием 

текстовых тегов 
• Построение и использование пространственно-временных логик и 

онтологий для анализа сложных динамических сцен 


