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Environment Observation through Complex Imagery: 
 

Image Analysis, Machine Learning and Remote Sensing 



University of South Brittany (UBS) – www.univ-ubs.fr 

§  Officially created in 1995 in Vannes & Lorient 
(but faculties established in 70s) 

§  9000+ students 
250+ research (ass. or full) professors 
150+ lecturers 

§  National ranking 
Ranked 4th for professional insertion 
Ranked 8th for success rate 

§  BSc, BTech, MSc, PhD in Computer Science / IT 



Institute for Research in Computer Science and 
Random Systems (IRISA) – www.irisa.fr 

§  CNRS, INRIA, 2 universities, 4 graduate schools 
Among the largest IT research center: 

§  800 researchers, 40 teams, 4 sites 

 
§  in Vannes, campus of Tohannic 

50 researchers, 4 teams :  ARCHWARE, CASA, EXPRESSION, OBELIX 



OBELIX Team: www.irisa.fr/obelix 

§  Vannes (UBS)  
& Rennes (OSUR, LETG-Costel, CNRS-UR2) 

§  9 Permanent researchers 
S. Lefèvre (PR UBS), team leader 
 

T. Corpetti (DR CNRS) 
N. Courty (MCF HDR UBS) 
 

R. Tavenard (MCF UR2) 
L. Chapel (MCF UBS) 
L. Courtrai (MCF UBS) 
C. Friguet (MCF UBS) 
F. Merciol (MCF UBS) 
Y. Le Guyadec (MCF UBS) 

§  2 Post-docs (CNES, ANR) + 1 in 2016 
§  1 Ass. Researcher (WIPSEA Rennes) 
§  7 PhDs (3 started in 2013, 4 in 2015) + 3 in 2016 
§  5-10 MSc / BSc interns 

 



OBELIX = Environment Observation through Complex Imagery 

§  Research areas 
•  image analysis and processing 
•  machine learning and data mining 
•  coupling physical models with observation data 
•  visual analytics 
•  in the context of remote sensing of environment 

§  Challenges 
•  Address complex data (multi*, massive, heterogeneous, noisy/missing) 
•  Exploit prior knowledge 
•  Putting the user in the loop 



OBELIX PhDs 

§  Petra Bosilj : tree-based methods for CBIR (defended) 
§  Yanwei Cui : kernels on trees for image classification 
§  Romain Huet : sparse neural networks, auto-associative memories 
§  Sina Nakhostin : unmixing of hyperspectral data 
§  Adeline Bailly : classification of time series 
§  Roberto Giudici : mosaicking & recognition in dynamic scenes,  
§  Nicolas Audebert : deep learning for semantic segmentation 
§  Jamila Mfidal : multi/hyperspectral super-resolution 
§  Mathieu Laroze : (inter)active object detection 
§  David Bertran: trees for 3D data (full-waveform LiDAR) 
§  Arthur Guillerey: Classification of massive topo-bathymetric LiDAR 

data 
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Active Projects and Grants 
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§  RESIDUAL (ISSI, 2014-2016) 
•  remote sensing image data assimilation for pollution monitoring 

§  OBIATS (PHC Pamoja, 2016-2017) 
•  monitoring of tree species using OBIA on SITS 

§  ASTERIX (ANR, 2013-2017) 
•  Image analysis and machine learning for remote sensing 

§  VEGIDAR (CNES, 2014-2017) 
•  Coupling Pléiades & LiDAR for urban vegetation mapping 

§  Littoralg (UBS, 2013-2017) 
•  Coastal monitoring and seaweed valorisation 

§  SENSE (Labex, 2013-2017) 
•  Smart retina using GBNN (at analogical, HW, and SW levels) 

§  DELORA (Innovative Cluster, 2016-2019) 
•  Detection and visualization (AR) of buried networks 

§  WIPSEA (industrial collaboration) 
•  Aerial image analysis for wildlife monitoring 

§  SIRS (industrial collaboration) 
•  Scalability of land cover mapping techniques (e.g. VHR Europe) 



Collaborations 
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+		
	

China	
(LIAMA,	CAS,	NLPR,		
Tsinghua,	IRSA)	

	
Singapore		

(NTU,	IPAL/NUS,	Thalès)	
	

Kenya	(TUK)	
	

Brazil,	Mexico…	



Recent achievements (beyond PhD works) 

§  knowledge-driven features & models for description of multivariate 
data (TGRS’16, IGARSS’15, WHISPERS’14, ICIP’14, ALCIP’13) 

§  efficient algorithms for hierarchical image representation and analysis 
(BiDS’16, ACIVS’15, PRRS’14 + PRL, ISMM’15, ISMM’13 + JRTIP) 

§  classification of time series, change detection, optical flow (SAR, 
multispectral) (JURSE’15, JARS’14, RS’14, TIP’14, JSTARS’13) 

§  domain adaptation for classification of hyperspectral data (ECML’14, 
ICPR’14, MultiTemp’15, IGARSS’16) 

§  manifold learning with few labeled samples (JSTARS’14) 
§  active sets / feature learning (IJPRS’15 + U.V. Helava Award 2012-2015, 

PCV’14 best paper) 
§  non-negative matrix factorization (ML’14) 
§  anomaly detection (ECML’14) 
§  manifold subsampling (GSI’13) 
§  ensemble methods (IGARSS’16) 
§  camera-based mobile mapping (MMT’15 + GSIS) 



Key Methodologies 

§  Trees §  Optimal Transport 
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close to) the leaves correspond to bright or dark details of the
image. As already mentioned, the stack of image region seeds
S used in construction of an inclusion tree comprises partial
partitions. The support of these partial partitions is nested,
that is, the relations in Eq. (17) hold for any supp(Xi�1) and
supp(Xi) as well. Additionally, any cut of an inclusion tree
is a partial partition as well.

New nodes are formed by a region growing process starting
from the leaves, by adding one or more pixels (usually the
whole image flat zones) to the regions in the leaf nodes. When
the regions of two or more nodes merge in the course of
this process, the newly constructed node becomes a parent
of all the nodes representing the merged regions thus unifying
several tree branches. This process continues until there is only
one region covering the whole image domain, and the node
representing this region becomes the root of the constructed
hierarchical representation. In order to reflect the structure of
inclusion trees, we add a further constraint in Eq. (19)–(22).
The only modification is adding a strict inequality in Eq. (20),
l > 0, to reflect that regions are only formed by adding new
pixels to already existing regions (or a single region).

Simplifying the image represented by an inclusion tree
includes cutting (removing) some branches from the leaves to
the desired point (usually, up to a region satisfying a certain
criterion). The areas of the removed regions are then assigned
a gray level of the closest surviving ancestor node (i.e. the
ancestor node with the greatest distance from the root) of the
regions that were cut off. This accomplishes removing small
dark or bright structures in the image without changing the
larger structures.

Partitioning trees. The principal difference of partitioning
trees when compared to inclusion trees is that the leaves of
the structure always form a (very fine) image partition. The
same is true for any cut of such a tree [54] (as well as all
the subgraphs Xl from the stack of image seeds S used in
construction). The initial partition contained in the leaves can
be the result of any segmentation algorithm, but among most
common choices are the image pixels, flat-zones of the image
[27, 33] or the result of watershed segmentation [55].

Regions of the inner nodes of the trees are formed by
merging, as unions of the adjacent regions of other nodes,
meaning that every new node has at least two child nodes. In
contrast to the leaf nodes, a cut higher in the tree is a coarser
segmentation of the image. To formalize this, a constraint
k > 1 has to be added to Eq. (19) and l = 0 to Eq. (20) to
reflect that no pixels are added that did not previously belong
to a node.

Notions needed to define the iterative merging, which is at
the core of the construction process of any partitioning tree
were first introduced by Garrido et al. [56] (and only later put
in the context of trees [2]):

1) Region model defines how simple regions and their unions
are represented. It reflects the characteristics of the re-
gions used in the construction process.

2) Merging criterion or similarity (or dissimilarity) measure
describes the interest of possible merges. It is based on the
region characteristics represented by the region model.

  leaf 
nodes

middle 
 nodes

 root 
node

TREEPARTITIONING INCLUSION

Fig. 2. This image demonstrates the difference between the superclasses of
partitioning and inclusion trees. Cuts of the partitioning tree near its bottom
and the middle, as well as the root node are displayed on the left. A set of
nodes from the inclusion tree close to the bottom and middle of the tree, and
the root of the tree are displayed on the right.

3) Merging order defines the rules used to merge the regions
and which merge to perform next based on the merging
criterion.

In order to simplify an image using a corresponding parti-
tioning tree, a coarse enough cut is selected in the tree (the
decision can be based e.g. on the number of desired elements
of the partition or some more complex criteria). Each region
represented by a node in the cut is then represented by a
uniform gray level, which can be based on the region model,
or take into account the average gray level of the region. This
way, small variations in the pixels of image gray levels can
be removed from regions perceived as uniform.

The difference between inclusion and partitioning trees is
shown in Fig. 2.

C. Indexing the SHoR

While trees are sufficient to represent the inclusion relations
between the regions in a SHoR, it is often desirable to assign
an attribute to each node, corresponding to a measure of
aggregation, called the level (of aggregation) of the node.
Such an attribute � is a non-negative function of the nodes. A
tree with levels assigned in such a manner is then considered
indexed. The attribute values � are usually determined based
on the definition or the construction algorithm for a specific
tree. The rule for assigning the levels always reflects the
fact that the coarseness of the nodes increases along each
branch from the leaves towards the root and states that if
m is an ancestor of n, then �(n) < �(m). Hereafter, we
explain the well-established representational framework for
indexed partitioning trees [42, 57, 58]. We furthermore propose
the way to represent the indexed inclusion trees in the same
framework, whereas there is no current convention about the
representational framework for inclusion trees.

An ultrametric distance is a constraint stronger than a
distance on a set of elements, where the elements of the set
obey an inequality stronger than the triangular inequality: the
ultrametric inequality. An ultrametric inequality states that for

Complex	data	

Tree	construcOon	and	
management	

Various	applicaOons:	
Feature	extracOon	
DescripOon	
SegmentaOon	
ClassificaOon	
Retrieval	
…	

Domain	adaptaOon	
MulOtemporal	classificaOon	
Shape	matching	
…	
	



Some visual examples 
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Fig. 1. Merced dataset

Our final choice of patch size is 80⇥80 with 16 pixels distance
between patch center (cf. Fig. 2 for the results of the tuning
experiments). The tuning experiments regarding patch and
overlap size were done with the histograms of size 6⇥4, for the
efficiency of the calculation. A larger histogram of size 8⇥ 6
was chosen for the final evaluation, giving an improvement
over the smaller size and producing descriptors of length 96.
We only report the results using CNC, as combination with
other shape attributes as well as processing the RGB channels
separately does not result in improvement over the base local
approach and greatly increases the complexity of the approach.

Finally, we attempt a multi-scale approach based on a
pyramid of patches. Here, we start with patch size 32 ⇥ 32
and the size of patch increases for each level of the pyramid
(2⇥ along each dimension), so the scale-invariance of LPS
becomes relevant. We report the results of this approach both
with scale-variant version of LPS [10] as well as with choosing
a common reference scale to achieve scale invariance [9]. The
distance between patch centers is again set to 16. The length of
the descriptors is 96, the same as for the base local approach,
but with three times more descriptors.

For both single-scale and pyramid approach using LPS, we
use VLAD indexing to produce global image descriptors [25],
using 8 cluster centers. We use a random subset of the Ima-
geNet 2010 Validation set for building the visual vocabulary
for VLAD, which is consequently formed both independent of
the evaluation dataset as well as of its geographical context.
The same approach to extracting descriptors as well as the
same patch size (stopped at 256⇥256 for pyramid approaches)
was used as for the evaluation dataset.

IV. RESULTS AND DISCUSSION

With our base GPS approach, we outperform both previ-
ously proposed global and local morphological approaches
based on texture [6], [23], as well as the seminal SIFT
approach on this dataset [22]. Combining two different shape
attributes is the preferred technique for improving this base

TABLE I
THE RETRIEVAL PERFORMANCES OF DIFFERENT LOCAL AND GLOBAL

APPROACHES ON MERCED DATASET

approach ANMRR

SIFT (on keypoints, [22]) 0.601

dense SIFT ([3]) 0.4604
(using VLAD)

global texture descriptors ([6]) 0.575

local texture descriptors ([23]) 0.585
(Bag of Words)

GPS - Area + CNC 0.579

GPS - Area + SE 0.670

GPS - both shape attributes (CNC + SE) 0.557

GPS - RGB decomposition (Area + CNC) 0.562

dense LPS (Area + CNC) 0.538

pyramid LPS (scale variant) 0.534

pyramid LPS (common scale 64⇥ 64) 0.529

results while still working with global descriptors. It results
in a bigger performance improvement than decomposing the
image into channels and is suited for possible use on images
with more than three channels.

Further improvements are achieved by using a dense local
approach, and that only by using 144 descriptors per image.
However, the biggest improvement comes from using the
scale-invariant LPS [9], reporting the best results with pattern
spectra of 52.9%ANMRR. While it still remains to outperform
the dense SIFT descriptors [3], which produce state of the art
results on the dataset, we show here an improvement over
previous morphology-based approaches as well as the seminal
SIFT approach to retrieval on this dataset.

3.2 Ground-level Image to Aerial View Registration

The next step aims to detect the area occupied by the top-down
view in the aerial image. It is considered as a fine localization
problem that can be formulated as matching image descriptors of
the warped ground level image T with descriptors computed over
the aerial map A. The proposed solution (see Fig. 4) is inspired
from the work from Augereau et al. (2013). Various image de-
scriptors are available to perform this matching. A recent study
Viswanathan et al. (2014) comparing the performance of SIFT,
SURF, FREAK, and PHOW in matching ground images onto a
satellite map has shown that SIFT obtains the overall best perfor-
mance, even with increasing complexity of the satellite map. We
thus rely here on the SIFT descriptor Lowe (2004) in the match-
ing process.

First, SIFT keypoints are detected and relative descriptors (fea-
ture vectors) are extracted for both aerial map A and top-down
view T . Then, the similarity between the ground sample T de-
scriptor vectors and each descriptor from A is computed. Each
match is considered as correct or incorrect based on the Euclidean
distance. To select the best match among candidate ones, we
adopt the common approach relying on k-NN (nearest neighbor)
classifier. Its complexity is however quadratic as a function of
the number of keypoints. Using kd-tree for vector comparison
improves search time in low dimensions. Using multiple ran-
domized kd-trees has the advantage of speeding up k-NN search.
FLANN Muja and Lowe (2009) provides an implementation of
this algorithm where multiple trees are built in 5 random dimen-
sions. Hence, FLANN library was used to achieve the process of
keypoints matching.

In order to find the geometric transformation between matched
keypoints, homography matrix H is computed Agarwal et al.
(2005). At this level, RANSAC algorithm Fischler and Bolles
(1981) is used in order to discard outliers. In fact, the aim of geo-
metric transformation estimation step is to split the set of matches
between good matchings (inliers) and mismatches (outliers) by
using RANSAC algorithm. In order to estimate the 9-parameter
transformation matrix H between key points of T denoted P2 and
their correspondences in H denoted P2, the most representative
transformation among all matches is sought. The matrix H has
the following shape:

P2 = HP1 (1)

or equivalently
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where locations of P1 and P2 are represented by homogeneous
coordinates.

Finally, if at least t inliers are validated, T is considered to be
situated in the aerial image A. We chose here t = 4, which is
the minimum number of points necessary for homography com-
puting. An illustration of this process is given in Fig. 5. We can
observe that the technique is robust to a certain level of changes
between the content visible in T and A.

3.3 Ground-level Image and Aerial View Comparison

Several change indices have already been proposed for estimating
the change of appearance at two identical locations, from simple
image difference or ratio to more elaborated statistics such as the
Generalized-Likelihood Ratio Test (GLRT) Shirvany et al. (2010)
or the local Kullback-Leibler divergence Xu and Karam (2013).

Figure 4: Standard object recognition and localization process.

Figure 5: Example of top-down view localization in the aerial
image. The top-down view T is the small image on the top left
of the Figure, while the green area in the large aerial image A
denotes the found localization of T .

standard remote sensing techniques) based on change detection
performed with available ground level images. We thus investi-
gate the application of proximate sensing to the problem of land
cover classification. Rather than using only airborne/satellite im-
agery to determine the distribution of land cover classes for a
given geographical area, we explore here whether ground level
images can be used as a complementary data source. To do so,
we present some preliminary work aiming to compare recently
acquired ground level images to a previously acquired remotely
sensed image using standard techniques related to computer vi-
sion and image analysis.

The remainder of this paper is organized as follows; Sec. 2. de-
scribed the study area and the data set considered in the experi-
ments. The technical approach is presented in Sec. 3.. We detail
carried out experiments and discuss obtained results in Sec. 4.
before providing some conclusions and directions for future re-
search.

2. STUDY AREA AND DATA SET

The study area focuses on Vannes city in France, more precisely
on the surroundings of the Tohannic Campus which hosts Univer-
sité Bretagne Sud and IRISA research institute where are affili-
ated the authors. This choice is motivated by: i) the availability
of ground truth that can be assessed by the in situ, and ii) the
appearance of many new buildings over the last few years (with
availability of data acquired both before and after these changes).
It covers a 1 km2 area. The geographical extent is provided in
Fig. 1.

Figure 1: Aerial map from Bing Maps c� with blue rectangles
highlighting zones that have been recently transformed.

Ground level images were grabbed from Google Street View 3

or taken in-situ from people involved in this work equipped with
mobile camera. Both kinds of images consist in panoramic views
covering 360�(resp. 180�) field of view horizontally (resp. ver-
tically). We assume here the following scenario: given the ac-
quired image is georeferenced, it is possible to download an as-
sociated map from existing sources (Bing Maps, Google Maps,
OpenStreetMap). We consider here maps of 150⇥150 m2 down-
loaded through a Bing Maps 4 request according to measured
GPS position.

For the sake of clarity, we denote the images with the following
terms in the sequel:

• A: Aerial image, or high flying UAV image (dimensions
m⇥ n).

• P : Panoramic image, or wide field-of-view image from user
mobile device or Google Street View (dimensions p⇥ q).

3https://www.google.com/maps/streetview/
4https://www.bing.com/maps/

• T : Top-down image, or bird’s eye view of the ground (di-
mensions r ⇥ r).

Let us note that the proposed method is assessed here only on
a single area, for which ground truth, aerial images, and in situ
observations are available so to ease experimental validation. Ex-
periments at a wider scale will be considered in future work.

3. PROPOSED METHOD

Since the images were taken from 3 different kinds of sensors
(Google Street View’s car, user camera and aerial vehicle) sev-
eral image pre-processing steps are required before change de-
tection can be performed. The flowchart of the proposed method
including these different pre-processing steps is given in Fig. 2.

Figure 2: Flowchart of the proposed method.

3.1 Top-down View Construction

The panorama images used in this work cover (360�, 180�) field
of view on (horizontal,vertical) dimensions. For a given scene,
the panorama image P is warped to obtain a bird’s eye view T
(as shown in Fig. 3). To do so, the 3D model of spherical image
is first reconstructed using ground line following the method pro-
posed by Xiao et al. (2012). Next, for each pixel in the top-down
view, the position of the corresponding pixel in the panorama is
computed using the inverse warping. The color for the ground
location is then obtained using bi-linear interpolation from the
panorama pixels.

Figure 3: Example of a top-down view T (right) constructed from
a panorama image P (left).
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and	closer	to	Ghent	!	


