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Imagelab@UNIMORE 2017

V Who

Å 4 Staff people, (Rita Cucchiara, Costantino Grana, 

Roberto Vezzani  Simone Calderara)

Å 8 PhdStudents, 

Å 7 Researchassistants, SW developers, 

Å 3 (ex) spinoffcompanies

V Togetherwith

Å Panasonic (USA)

Å Ferrari (I) , Maserati(I) 

Å FacebookFAIR (F), Eurecom(F)

Å RAI, Almaviva, ..

Å ISCRA  Italian SuperComputingResource Allocation ςCINECA 

Å Many smes, EU and Italian public bodies
www.imagelab.unimore.it



RESEARCH ACTIVITY @IMAGELAB

COMPUTER VISION, PATTERN RECOGNITION

AND MULTIMEDIA

Å SaliencyAnalysis

Å Image processing , Labelingfor DocumentAnalysis

Å 3D reconstructionin EgocentricVision

Å Video temporalsegmentation, summarization

Å Image and Video captioning



RESEARCH ACTIVITY @IMAGELAB

SURVEILLANCE  AND HBU

Å Tracking, Tracking, Tracking

Å Crowdanalysis

Å Surveillancein workingarea 

Å HBU: Gestureand EgocentricVision 

Å Trackingbody motion in sports(with saliency) 

Å People super-resolutionwith GAN



RESEARCH ACTIVITY @IMAGELAB

AUTOMOTIVE AND INDUSTRY

Å Human Attentionin driving

Å Human Car Interaction

Å Autonomousdrivingin smartcities

Å Collaborative robotics



OtherActivitiesat Imagelab

V Industrial researchwith companies in the Interdip. Center of researchin ICT Softech-ICT 

V International PhdSchool in ICT 

V Master Mumet Ed 2017. «Visual Computing and Multimedia Technology in the DeepLearning Era»

V Laurea and Laurea Magistrale in Computer Engineering

V ScientificOrganization: ICCV2017 Venezia, ICPR2020 Milano
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(thanks to Marcella Cornia, and Giuseppe Serra, Lorenzo Baraldi

and for Dr(eye)ve Andrea Palazzi, Stefano Alletto, and Simone Calderara)



From Egocentric Vision 

to Attention

to Saliency

Understanding what a person sees

exploiting  similar learning, perception 
and vision paradigms 

for first-person view vision
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Attention, No blur, goodmatching

Head-body motion, Blur, no  matching

UnderstandingAttentivebehaviorby head motion
Video Summarizationfor CH at Imagelab: [P.Varini, et al ACM MM, 2015],

Attentivebehavior?



Before Attention , Saliency                                                   Saliency:  what can pop out in an image or in a view. 

A bottom-up pre-attentional mechanism of human  visual behavior



Saliency and Attention in Neuroscience

Two forms of attention:

ÅInitial, Bottom-up purely data driven, guided by Saliency

ÅRefined, Task-driven and purposive 

Treisman&GeladeA feature-integration theory of attention Cogn. Psych. 1980

Koch &Ulmann, Shift in selective visual attention: toward the underlying neural circuitry Hum. Neurobiol., 1985

Saliencydetection in humans is a keyattentionalmechanism 
that facilitateslearningand survival by enabling organisms 
to focus their limitedperceptualandcognitiveresources 
on the most pertinent subset of the availablesensorydata.

Saliency

Attention

https://en.wikipedia.org/wiki/Attention
https://en.wikipedia.org/wiki/Learning
https://en.wikipedia.org/wiki/Perception
https://en.wikipedia.org/wiki/Cognitive
https://en.wiktionary.org/wiki/sensation
https://en.wikipedia.org/wiki/Data


SALIENCY   [Itti Koch PAMI 1989]

[ Lǘǘƛ ŀƴŘ YƻŎƘ t!aL ΩуфΣ bŀǘǳǊŜ Reviews2001]V ά{ŀƭƛŜƴŎȅ ƳŀǇέ:  an image map  representing areas of saliency 



Saliency:  data-driven, memory and knowledge-based or semantics driven?



Computational detection of saliency maps

V LOW LEVEL FEATURES

ÅΩулτ2000 Itti Koch: combination color+gradient+orientationin a winner-take-all 
unsupervised neural network

Å2006 NIPS Peronaet al. Graph-based Visual  Saliency as a graph of low level features

Å..

V ADDING MEMORY and knowledge-based higher level FEATURES (Faces, people, text..)

Å2009 ICCV Torralbaet al

Å2012 ICPR BiorgICPR

Å2013 ICCV Sclaroffet al. 

Thanks to Marcella Corniaôsthesis



The deep learning era

Problems of annotated Data

V 2014  ICCV Viget al.: a three Convnetlayers network

V 2015 ICRLW Kummereret al: DeepGazeI  with Alexnet (then 2016 ArXiv: DeepgazeII with VGG19 )

V 2015 CVPR Lin et al : data augmentation with image similarity

DATASETS: 

MIT300 (Itti, Torralbaet al) more than 70 competitors since 2014

SALICON(Jiang et al 2015), 10000 images;

V 2016 ECCV tutorial on Saliency

V 2017 ICME Competition on 360ϲSaliency

V нлмт /±tw bŜǿ {![L/hb [{¦b /ƻƳǇŜǘƛǘƛƻƴΧΧΦΦ

SALICON benchmark 



SALIENCY DETECTION @Imagelab:  Multi-Level NET

Marcella Cornia, L. Baraldi, G. Serra, and 
R. Cucchiara. A DeepMulti-Level Network 
for SaliencyPrediction, Proc. of ICPR 
2016. (beforeat CVPRWoW2016)

VGG-16; 5 blocks,13 Conv, 
3 fully-connected layers + a center bias

Following the idea of   multi-level features,
some perceptual-level features
Some semantic-level features..



ML-NET Details

V Multi-level network: combine low-, medium- and high-level features

V Aςpriori learned map of central bias to emulate the  center bias present in 
eye-fixation maps

V VGG-16; 13 layers, 5 convolutional blocks + 3 fully convolutional layers

3 component Loss (trained with N samples with Stochastic Gradient Descent) 

Å A square error (Euclidean) loss  to make the xsaliency similar to the y GT 
data 

Å Normalized by the maximum of prediction, not to be affected by intensity 
of saliency

Å Data are weighted by a linear function, which gives more  importance to 
pixel with high eye fixation probability



ML-NET vs Itti and Koch: Metrics

Metrics Comparison as in [Bylinskyet al. ArXiv2014]

Itti ML-NET             humans



Metrics Details

V Defined for Saliency (Shuffled AUC, Information Gain, Normalized ScanpathSaliency)

V Adapted by signal detection (AUC) [AUC not used in SALICON]

V From image retrieval (SIMilarity, EMD)

V From information theory (KL-Divergence)

V From Statistics (Pearson Correlation Coefficient)

[Bylinsky et al. ArXiv 2014]



Improving saliency 
detection, iteratively with 
an attentive refinement

Saliency Attentive Model
SAM

Marcella Cornia, L. Baraldi, G. Serra, 
and R. Cucchiara. PredictingHuman 
EyeFixationsvia an LSTM-based
SaliencyAttentiveModel. 
arXiv:1611.09571, 2017 (submitted)



As a sort of 

Pre-attentive 
scan-path

THE IDEA:

define a new 
CONV-LSTM

for scan the 
space and not 
the time



V SAM

SALIENCY DETECTION @ImagelabSAM

Saliency Attentive Model (SAM):
ML-NET+ LSTMs



SAM details (1)

V 1 Features are a STACK of channels 512 x 30 x40 as output of

Å A Dilated VGG

Å A Dilated ResNet-50

Å Removing fully-con layers and with stride 1:

Å Dilated ConvNetas in [Yu , Koltun ICLR 2016]



SAM details (2)

V The attentive model is given by an Attentive ConvLSTM

V where input are not temporal series but spatial features and the dot product is substituted with 
convolution 



SAM details (3)

V The priori central bias is integrated in a single end-to-end pipeline

V 512 channel + 16 channel of Gaussian learned ςa priori  

V 528 channels than convolved in a single Saliency map

V Loss function

V The loss function is a combination of three measures

V L1 Normalized ScanpathSaliency NSS

V [н [ƛƴŜŀǊ tŜŀǊǎƻƴΩǎ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘ //

V L3 Kullback-Leiberdivergence, KLD



Approaches share a similar model:
ITTI&Koch: 

handcraft features + NN combination for winner-take-all
strongly biased by contour 

DL-based and SAM: 
convolutional learned features + NN combination (with an iterative LSTM)
surely biased by collected data 



[1] CorniaŜǘ ŀƭΦ ά! 5ŜŜǇ aǳƭǘƛ-Level Network for Saliency Prediction."ICPR, 2016.
[2] Kruthiventiet al. ά{ŀƭƛŜƴŎȅ ¦ƴƛŦƛŜŘΥ ! ŘŜŜǇ ŀǊŎƘƛǘŜŎǘǳǊŜ ŦƻǊ ŜȅŜ ŦƛȄŀǘƛƻƴ ǇǊŜŘƛŎǘƛƻƴ ŀƴŘ ǎŀƭƛŜƴǘ ƻōƧŜŎǘ ǎŜƎƳŜƴǘŀǘƛƻƴΦέ /±twΣ нлмсΦ
[3] Pan et al. ά{Ƙŀƭƭƻǿ ŀƴŘ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ {ŀƭƛŜƴŎȅ tǊŜŘƛŎǘƛƻƴΦέ /±twΣ нлмсΦ
[4] Kümmereret al. άDeepGazeLLΥ wŜŀŘƛƴƎ ŦƛȄŀǘƛƻƴǎ ŦǊƻƳ ŘŜŜǇ ŦŜŀǘǳǊŜǎ ǘǊŀƛƴŜŘ ƻƴ ƻōƧŜŎǘ ǊŜŎƻƎƴƛǘƛƻƴΦάarXiv:1610.01563, 2016.

SALICON Dataset (original release) SALICON Dataset (new release)

Ongoing competition!

LSUN Challenge CVPR 2017

Performance analysis

Other results at 16/07



SALICON (original release)

SAMGroundtruth

SALICON (new release)

SAMGroundtruthImage



[1] BazzaniŜǘ ŀƭΦ άRecurrentMixture DensityNetwork for Spatio-temporalVisual Attention ." ICLR, 2017.

Actions in the Eye (Hollywood2) dataset

Groundtruth SAM

SAM for video

V Few approaches to 
video



Groundtruth

SAM

Actions in the Eye (Hollywood2) dataset



Saliencyin task-drivenvideo

Bottom-up saliency, detected by ML-NET, trained on SALICON  on DR(EYE)VE dataset

http:// imagelab.ing.unimore.it/dreyeve

Saliencynot drivenby a task..
asa passengersees

33

http://imagelab.ing.unimore.it/dreyeve


Task-driven«Saliency» i.e. attentivebehavior

¢ŀǎƪ 5ǊƛǾŜƴ άǎŀƭƛŜƴŎȅέΣ ƭŜŀǊƴŜŘ ōȅ /о5 Ƴ odifiedby Dr(eye)veproject, trained on 15 frame windows

A.Palazzi; F.Solera; S.Calderara; 
S.AllettoR.Cucchiara"Learning 
Where to Attend Like a Human 
Driver"Proc. of IEEE Intelligent 
Vehicles Symposium, June2017

http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=518


The DR(eye)vedataset 

Å8 differentdrivers
Å3 different landscapes

{Highway, Countryside, Downtown}
Å3 differentǿŜŀǘƘŜǊΩǎconditions:

{Sunny, Cloudy, Rainy}
Å3 differentƭƛƎƘǘΩǎconditions:

{Morning, Evening, Night}

74 videosof 5 minutes each!

Stefano Alletto , Andrea Palazzi , Francesco Solera, Simone Calderara and Rita Cucchiara DR(eye)VE a Dataset for Attention-
Based Tasks with Applications to Autonomous and Assisted Driving CVPRW2016



SIFT-BASED REGISTRATION FRAME BY FRAME

Collected with SMI ETG 2w, Frontal camera 720p/30fps + Eye 
pupils cameras at 60fps
GARMIN VirvX, 1080 p/25fps +GPS.



The Dr(eye)veDL architecture for task-driven saliency

C3D ( a in Tran et al CVPR2015]



Evaluation

V Loss with the Kullback-Leiberdivergence between pixels P and Q groundthruthon I pixels

V Pearson's correlation coefficient (CC)

[40]Wang, W., Shen, J., Porikli, F.: Saliency-aware geodesic video object segmentation. CVPR 2015
[41]Wang, W., Shen, J., Shao, L.: Consistent video saliency using local gradient ow optimization and global refinement. IEEE PAMI 2015



S. Mathe and C. Sminchisescu. Actions in the eye: Dynamic

gaze datasets and learnt saliency models for visual recognition.

IEEE Transactions on PAMI 2015



In summary:

V Saliency wit Deep Learning

V Bottom-up Data driven + knowledge based ( high level features)

Å ML-NET: VGG convolutivestructure for images with multy-layer and bias features

Å SAM:Improvementwith LSTM , emulating scan-path refinement

Å ML-NET and SAM useful for video too if motion is not  too strong

V Top-down Task-driven for driving

Å DR(EYE)VE C3D autoencoderwith cropping areas to observe every-where

Å Refinements convolutiveto fit the learned models driving



IMAGE AND VIDEO CAPTIONING

(thanks to Lorenzo Baraldiand Costantino Grana
and  for Saliency and captioning also Marcella Cornia, and Giuseppe Serra)



MOTIVATION : VIDEO CONTENT ANALYSIS

BIG MULTIMEDIA DATA FOR NEW MULTIMEDIA SERVICES

Education 
Edutainment, Digital Humanities
Fun in social networks
Sport analysis
Product Video in Industry 4.0
Security
ΧΧ

AUTOMATIC ANNOTATION: 

FROM VISUAL DATA TO TEXTUAL INFORMATION

Indexing, searching and retrieval
Summarization
Contextual Copy detection
Query answering
Natural human-computer interaction
..


