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Detection of Fragmented Rectangular Enclosures |
Very-High-Resolution Remote Sensing Images

Zingman Igor, Dietmar Saupe, Otavio A. B. Penatti, and Kard.ambers

Abstract—We develop an approach for detection of ruins of
livestock enclosures in alpine areas captured by high-resation
remotely sensed images. These structures are usually of ap
proximately rectangular shape and appear in images as faint
fragmented contours in complex background. We address this
problem by introducing a rectangularity feature that quantifies
the degree of alignment of an optimal subset of extracted ligar
segments with a contour of rectangular shape. The rectangatity
feature has high values not only for perfectly regular enclsures,
but also for ruined ones with distorted angles, fragmented \alls,
or even a completely missing wall. Furthermore, it has zero alue
for spurious structures with less than three sides of a perdeable
rectangle. We show how the detection performance can be im
proved by learning a linear combination of the rectangularity and
size features from just a few available representative exapies
and a large number of negatives. Our approach allowed deteitin
of enclosures in the Silvretta Alps that were previously unkown.
A comparative performance analysis is provided. Among othe
features, our comparison includes the state-of-the-art f&ures
that were generated by pre-trained deep convolutional neual
networks (CNN). The deep CNN features, though learned from
a very different type of images, provided the basic ability o -
capture the visual concept .Of the livestock enclosures._ Haaver, Fig. 1. Above: Livestock enclosures (LE) in alpine enviramh Below:
our handcrafted rectangularity-size features showed coriderably 600 x 600 satellite (©OGeoEye 2011) and aerial (SWISSTOPO) images of
higher performance. 0.5m resolution with structures corresponding to livelstenclosures above.

Index Terms—Object detection, incomplete rectangles, man-
made structures, maximal cliques, rectangularity feature deep
features. We use satellite and aerial images of 0.5m resolution where

the width of linear walls does not exceed two pixels. The
ruined walls are of low height, which results in low contrast
linear features in the images. The spectral properties &f LE
E ADDRESS the problem of detecting remains ofre similar to the spectral properties of the surroundimg te
manmade enclosures used to hold livestock in grasgin, rocks, and other irrelevant objects. The second row of
land of mountainous regions. The livestock enclosures €rB) Fig. 1 shows a satellite and an aerial image with structures
of special archaeological interest because they offer itapd corresponding to the LEs shown above. Nearby irrelevant
insights into historical development of alpine pastoralid].  structures, such as rivers, trails, or rocks, are often roflai
Their automated spotting is the goal of a recent archaetdbgior higher contrast either due to larger size (e.g. big rooks)
project [2]. Examples of such enclosures are shown in Fig. distinctive spectral properties (e.g. rivers). Detectafrsuch
These structures are usually composed of linear walls thaint enclosures in a complex terrain is a challenging task.
may be heavily ruined. The most common shape of LEyen the detection of easily modeled circular soil struzs(8]
resembles a rectangular contour with greatly varying simé ahad very limited success due to their low contrast and comple
aspect ratio. Rectangle angles may deviate from right anglgsrrain. Only few examples of LE are available in our case,
and rectangle sides may be fragmented. The angle betw@gifich presents another difficulty making most approachas th
adjacent fragments of the same side may deviate from 1@@rn from the data inappropriate. Because of these dififisyl

degrees. Moreover, the rectangular contours are sometirggfmonly used methods for rectangle detection are hardly
incomplete such that even an entire side may be missing. applicable.

. . In contrast to spectral properties, the geometrical ptaser
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discriminates rectangular patterns from other structunes having mean values separated by ninety degrees served as a
complex cluttered background. The feature is based on a pri®@ODF-based feature indicating the presence of buildings.
model of a fragmented rectangle, which is a convex polygonAlthough there is a variety of methods developed for
with constrained angles. building detection, they are not applicable to our task beea
buildings are much more salient structures. In contrast to
A Related work building rooftops, walls of_ ruined livestock enclosures ar

' narrow and are of low height (low contrast features), may

Detection of rectangular structures has previously bege highly fragmented, or even completely missing. Higher
addressed in different contexts. Examples are detection agntrast irrelevant structures may appear inside or caitsfd
buildings in remotely sensed images [4]-[14], traffic signgctangular structures in the immediate neighborhoodoMar
[15]-[17], and particles of a rectangular shape in cry@ite cues (rooftop color, shadows, 3D cues etc.) usually emgloye
microscopy images [18], [19]. The methods used were bas@dbuilding detection algorithms are not available.
on Markov Random Fields [9], [15], Marked Point Processes
[10], [14], search on a graph [6], [20], Hough Transform and ,
other voting schemes [7], [8], [16]-[18], template matchinB: Overview of our approach
[21], aggregation of local features [10], [11], [13], anduhis- Our approach follows the diagram in Fig. 2, which is briefly
tic rules [5]. described below. A binary map of bar edges accompanied by

Most techniques for detection of rectangular structuredtdeangle information is computed first. Junction points of the
with buildings in remotely sensed images. For example, én timedial axis of an inverted binary edge map are detected as
graph-based approach in [6], a search for cycles was useccémdidate points (Sec. Il), and a region within an analysis
generate building hypotheses. The search was accompanigtdow centered at each candidate point is inspected. A
by an extensive set of rules and thresholds, which limits tikéndowed Hough transform is used to find linear segments
robustness of the approach. Markov Random Fields (MR&hd model them with a few parameters (Sec. IlI-A). An
were used in [9] to delineate buildings. More recently, andirected graph is then constructed, nodes of which corre-
similar approach was used in [15] for detection of traffispond to linear segments and graph edges encode spatial rela
signs in color images. The approach is sensitive to inacguraions between linear segments. Particularly, we use angle a
of extracted edges and cannot detect incomplete rectangtEmvexity properties to encode spatial relations (SeeB)ll
as it requires the presence of all four sides of a rectangulwe to the construction of the graph, its maximal cliques
structure. The marked point processes (MPP) [22] recentdgrrespond to valid configurations of linear segments. The
became popular for extraction of various structures in itelgo valid configurations are then ranked by a new rectangularity
sensed images, including buildings (e.g. in [10], [14]).eThmeasure that encodes the goodness of grouping the segments
MPP proved to be very powerful when applied to real datimto a rectangular structure (Sec. IlI-C). In contrast t0][2
However, these stochastic methods are still computationathe new rectangularity measure does not rely on a heuristic
expensive. Similarly to the MRF, they may not converge tpartitioning of the set of linear segments into four suhsets
a globally optimal solution and usually need careful tuninglard decisions are softened. Configurations better majchin
of a large number of parameters. Attempts have recently baestangular structure result in a higher rectangularitpsoee.
made to address some of these problems, which are crucialToe rectangularity feature is introduced in Sec. llI-D. dt i
the analysis of large images. In [23] substantial improvetsie defined as the maximal rectangularity measure of all valid
in performance have been achieved for the extraction of ligenfigurations. In practice, the low number of correspogdin
networks (roads and rivers). In this work also the potemifal maximal cliques within the analysis window allows exact
GPUs was efficiently exploited. maximization, which can efficiently be computed. The re-

An approach for detection of rectangular contours bassedlting rectangularity feature captures the presencH-tke
on the Hough transform was developed in [8]. The approastructures and is robust to their fragmentation. In Sec. B/ w
relies on certain strict geometrical rules making it notatle show how to improve the detection performance based solely
for detection of fragmented or incomplete structures. lyman the rectangularity feature by introducing an additional
also result in detection of rectilinear configurations tteatnot feature proportional to enclosure size and learning thamabt
form a rectangular contour. Detection of such configuratiofieature combination from a large number of negative exasmple
is prevented in our approach by adding a convexity congtraiand just few positives. In our application we complete thesco

In [11] a set of local features that carried local corner iralgorithmic steps summarized in Fig. 2 with a preprocessing
formation were used to produce a probability map of buildingfage in the beginning that filters out irrelevant regionsc(S
rooftops. Unfortunately, in the case of fragmented enclesu V), e.g. texture regions, and with a final detector at the end,
corners are not reliable features. Moreover, local featume e.g. a simple thresholding (Sec. 1V).
general do not suffice in the case of faint contours appearingrhis paper follows our work presented in [24]. Here, we
in a cluttered background. A more global description thafive a more detailed description of the methods, design a
takes into account spatial relations between local featige more efficient detector of initial candidate locations (Sé&g
necessary. For example, in [10], [13] the gradient oriéomat report on the results of application of our approach to a
density function (GODF) was computed from image gradientarge region in the Silvretta Alps (Sec. V), and extend our
A correlation of this function with a mixture of two Gaussgan experimental part (Sec. VI) by comparing the discriminatio
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Detection of Extraction and Computing
> candidate —» modeling of linear—®| rectangularity |
locations segments and size features

Linear
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Detection of bar
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Fig. 2. Algorithmic steps for detection of approximatelyctengular enclo-
sures.

task. Particularly, we evaluate performance of the featur(
generated by several pre-trained deep convolutional m&sno |
[25]-[29], the histogram of oriented gradients (HOG) [30]&
as well as 1D features, such as the GODF-based feature [10]

; S : - . _Fig. 3. Average flux of the gradient field of the distance fiorctcomputed
designed for building detection, and the normalized maki r edge maps of the images in Fig. 1. The medial axis coisoiéh positive

rectangularity (NMR) measure [20] that we developed earligingularities of the flux (white), while edges coincide withgative singular-
for detection of the livestock enclosures. We conclude io. Seties (black). Local maxima (red points) are used as canelittwations. Best
VIl with the discussion on shortcomings and advantages Yf"ed in digital version.
the rectangularity and deep features for our problem.
the boundary of a small disk/, where D is the distance
Il. DETECTION OF CANDIDATE LOCATIONS function of the binary edge map. These local maximum points
sually correspond to junction points of the medial axishef t

As in [20]’. we detect candidate locations from a map 0l1}verted binary edge map. Only local maxima with the average
bar edges (ridges and valleys) that were extracted using Lﬁe

Morphological Feature Contrast (MFC) line detector [31 Ux greater tham.; were taken into account. Fig. 3 shows
xamples of detections (in red) overlayed on the average flux

[32]. This technique extracts linear features, while sepping which has positive extrema on the medial axis (white) and

texture elements of cluttered background. We also EXpeﬁ'égative extrema on the bar edges (bl&ck)

mented with other approaches [33]-[35], but these are renheIn a related approach [40], non-maxima suppression was

not sensitive enough to extract faint edges of enclosures, o . : X
. a glled to the average flux of the normalized gradient vector
generate lots of clutter edges depending on the parame It

used. The parameterless line segment detector of [36],hwh W (GVF) [41], [42] in order to detect medial feature points

is known to provide robust results for a large range of im sing the GVF instead of the gradient field of the distance
. o P ; 9 9 A08Pansform of the edge map allowed detection of medial featur
misses faint edges of ruined enclosures.

. ) : . oints directly from the gray-scale image without the netd o

In [20] the candidate points were obtained by sampl!ng ﬂg%ge extraction. However, GVF may ignore weak gradients of
8w contrast structures of our interest. In addition, cotimm

F might be too slow on large images, depending on the
mber of predefined iterations.

"We combine candidate points separately obtained from the
nary maps of ridge and valley edges. The structures tleat ar
within a window around the candidate pointsare further

was obtained by thinning the inverted edge map. The num
of candidates was determined by the choice of the samplirqg
rate. Decreasing the sampling rate reduces the number of ca
didates, which speeds up further validation. However, ity bi
result in the loss of promising candidates. Instead, we astgg,
here to look for medial axis junction points only, which ar nalyzed. The size of the analysis window can be determined
yielded by at least three sides of an enclosure structuris. T aptively, based on the value of the distance transfrp)
grea_tly reduces the n_umber of candidates \.Ni.thOUt. the risk %8, the dis,tance gh to a candidate structure. Similarly to [éO],
loosing enclosures Wlth_ at Iegst three remaining sides. we use the circular analysis window of radifp)y/a? + 1

In [37}-{39] the medial axis of a shape was exiracted bé’entered atp that circumscribes a rectangle centeredpat

thresholding the average flux of the gradient field of th\f\’/ith (small) side length2D :
. . ) p) and aspect ratia.. In our
Euclidean distance functio® to the boundary of the Shape'experimentSa was segt tol.(4.) We disc[;rded all candidate

g?\? aflverag_e flgx do?thz gra}[crj]ient field thrg_ugr}lthe bounlc_i ints having a distanc® less than 15 or greater than 90
oraregion|s detinéd as the corresponding flux normaiiz els, which limits the distances between opposite walls o

by the length of the boundary the structures to be in betwe&mbm and45m.
. $onr VD -n dL
(VD) = W, 1) [1l. M EASURING STRUCTURE RECTANGULARITY

oN We introduce a rectangularity featuy computed from
wheren denotes the inward nornfaio the boundary)’ and  a set of linear segmenf/ = {S;,i = 1,...,m} that were
dL is the boundary element. As the regidi shrinks to a extracted from a gray-scale image.
point, the average fluk’ approaches zero at non-medial points
and non-zero values at the medial axis of the shape. A. Grouping edge points into linear segments

~We detect candidate points by finding local maxima of a Gjven a candidate location and edge points accompanied
discrete approximation of the average fliXV D) through py estimated orientations, we extract and parameterizaiin

1In [37]-[39] the outward normal was used. 2We used valley edges for the left figure and ridge edges forighe figure.
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segments, each of which is a group of aligned edge points.

Linear segments are represented by a triple of parameters Non-convex part v
(0,r,1) found by the use of a local Hough transform centered .
at the candidate points. We use the Hough transform in the Pot((p-po)" M )
form introduced in [43], where a line is defined by the po*riny

orientationd of the normal and a distaneefrom the origin
r=xcosf + ysinb. (2)

The spatial coordinates of an edge point arg. We use the

parametrizatio € [0, 360) andr € (0, oc) of a Hough plane. Fig. 4. The fraction of pointg of S; that violates the convexity constraint
A peak at(f, r) in the Hough plane corresponds to a line. Thelative to Sy, and po is given by 7 ; . Note that linear segments can be
peaks are detected as regional maxima in the Hough plane fffgfnented having small gaps as.

was discretized witl\9 = 3° andAr = 1 pixel. The detected

line corresptl)nf_ls to:nher asmégle connected I;neﬁr Slegﬁ]enwith corresponding attributes of siZg, orientationfs, and
or to several aligned connected components. In the atm’c‘f’diséancefrs to the candidate point, as

the connected components with gaps smaller than a predefine

threshold (3 pixels in our experiments) are considered glesin Tk; = max(Tkj,Tjk), 4)
linear segment (see the segmeéntin Fig. 4), otherwise they - 1 T
are considered separate linear segments. The paraiiter Thi =T 2 Hp—po)" e =), ®)

the triple (0, r,1) is the number of points that belong to the 7 pes;

linear segment. To better relate the paraméter the length wheren; = (cos0y,sind;)? is the unit normal ofS; and
and avoid its dependence on the width of the extracted edg&Su) is an indicator function equal one far > 0 and zero
we perform their thinning [44] prior to clustering in a Houglhotherwise.7;, ; measures the relative number of points in the
plane. segmentS; that are behind the segme§y;, relative to the
Since edges were extracted together with their orientafiogiven candidate poinpy as illustrated in Fig. 4. Note that
r can be directly computed for each edge pdinty) using Eq. 7 € [0,1], and7y ; = 7, While 7 ; # 7 k.
(2). Thus, each edge point votes for a single point in(the)
plane instead of voting for a curve as suggested in [43]. THxefinition 1. Let « € [0,45],¢ € [0,1], a candidate poing,
idea, which was used already in [45] for clustering of shoend a configuratiorC of linear segments be given. If for all
ridge features, considerably eases extraction of meaulingbairs Sy, S; € C, j # k, one of the inequalities of the angle
peaks in the Hough plane. constraint

_ ) ) _ Br; <aor90— ;| <aorl80 —pr; <a (6)
B. Valid configurations of linear segments . _
Below we define a valid configuration of linear segment%nd the convexity constraint
C C W that can be a part of a rectangular structure. We Thy <t (7)
require angleg;, ; between linear segment, S; € C to be h hold. th is call i . ion |
close to either zeral80°, or right angles. An angle tolerancePCth Nold, therC is called a (i)-valid configuration located
and denoted byC!*.

o will be set to control the strictness of the angle constrairt™oundro, . _ o
We defines, ; as For the sake of brevity, we usually omit the indicgs

« and the reference pointy, mentioning thatC is a valid
Br,j = min(|0s, — Os,|,360 — |0s, — Os,]). (3) configuration. Valid configurations include not only petfec
rectangles, but also convex polygons or their parts witHeang

qufﬁéh:r:ﬂ 1ek ; nﬂ ’“t*?;?[daﬂloigoéégeo] 'nf)lpceff'ge[(:g)gr?)t.r'ct COar_ound either 90 or 180 degrees. This is important in practic
) ang stral s suth st hce approximately rectangular structures are betteretedd
figurations to be perceptually close to rectangles or rgg¢an

. . by such polygons rather than by perfect rectangles.
parts. We therefore define a second constraint that requires poyg yp 9

the valid configuration to be nearly convex in the sense that ) ) ) )

extension of all linear segments of the configuration camforC- Rectangularity measure of a valid configuration

a nearly convex contour. The convexity tolerancavill be A couple of poorly aligned short segments can be a valid
defined to control the strictness of the convexity constrairconfiguration as far as the tolerances allow. There is a
For a convex configuration of linear segments it is requirateed to rank valid configurations according to their sintiar
that a half plane generated by each segment includes all otttea canonical rectangle. To find and rank valid configuration
segments of the configuration. Additionally, we require alve construct an undirected gragh® from the given seW
these half planes to contain the candidate point aroundhwhiaf linear segments in a window centered at a candidate point
we search for a rectangular structure. Pair-wise convexjty. The graphG" has nodes = 1,..,m corresponding to
constraints suffice to verify the convexity of a configuratiothe segmentssy, .., S,, € W. Each nodej is attributed by
containing the given candidate point. We define the paiewis: triple of parameter$d;,r;,1;), i.e. orientation, distance to
convexity measure for a pair of linear segments;;, S;, each the reference poinpy, and size of the linear segment. An
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1 . 1 one pair of approximately parallel linear segménthe
_f —f,, product of these two factors is non-zero only if the valid
% H configurationC contains at least one pair of parallel and one
0.5 T80 05 pair of perpendicular linear segments. The angles between

linear segments of these parallel and perpendicular paérs a
restricted to be approximately 0, 180, or 90 degrees since
K C is a valid configuration with linear segments constrained
0 45 90 135 180 0 03 06 09 by Eq. (6). Thus, a non-zero rectangularity measure insures
Fio. 5. Functionger (left i bl et dashed a valid configurationC containing at least one triple of
5 enconsn (1 fure soid bue cuiel (e foure, dashed, segments arranged infilike structure, as stated in property
(8). 5 above. This property allows suppression of a large number
of configurations originating from clutter (e.g. lines, gers,

. ) ) .. junctions etc.). It is easy to verify that the other four pedes

edge{k, j} is attributed with the anglg; ; and the pair-wise Hhqve are also satisfied by the rectangularity measure in Eq.

convexity 7 ; of the corresponding pair of segmeris, S;.  (g). Also note that the rectangularity measure scales fipea
An edge{k, j} is included in the grapl™ if 5y; and7i.; \ith the spatial size of rectangles.
satisfy the constraints in Egs. (6, 7). This attributed frap

encodes properties of linear segments and their spatia reﬂ) R larity f

tionships. Due to the graph construction and Definition lidva ~- ectangularity feature

configurationsC correspond to fully connected subgragis, Given a set of linear segmer¥¥ in an analysis window, we

also called cliques, of the grapB®. define below the rectangularity featufig of the corresponding
Below we introduce the new rectangularity measpf€©) graphG®. We denote the set of cliques &* as K(G").

that ranks a cliqu&® corresponding to a valid configurationThe rectangularity feature d&* is defined as

C C W. We define the measure with the following properties

in mind. The rectangularity measure shall yield higher galu fr(G?) =  max p(G?). 9)

for configurations with e

1) higher degree of convexity given by lower values of th
convexity measure

2) higher degree of angle alignments given by angles

3) longer linear segments given by larder

Lhe corresponding optimal clique is

Go,; = argmax p(G©). (10)
GeeK(Gw)
In addition, the proposed rectangularity measure shall Due to the increasing property @f (the fourth property of
' the rectangularity measure stated in Sec. IlI-C), the marim

4) haye th? increasing properw(c_}ﬁ) < p(G3) for can be searched over the set of maximal cliuedy, denoted
G{ C GS. Thus, the rectangularity measure of a largg{, o byM(G™). That is

encompassing cliqgue has a higher value
5) vyield a zero value for configurations of linear segments fR(GY) = p(Ggp) =  max  p(G°). (11)
. . G(‘eM(Gw)
with less than three sides of a rectangle.

We define the rectangularity measure of a graph cliGiiein ~ Since the set of maximal cliques{(G™) € K£(G") is much

terms of sums over its undirected eddds;} € E° smaller than the set of graph cliqu&§G™), the number of
times the rectangularity measyr@eeds to be evaluated in Eq.

(11) is considerably reduced in comparison to Eqg. (9). Since
p(G°) = Z Uelifo0 (Br,j)few (Th,5) | X in addition, there are efficient algorithms for finding magim
{k,j} € E° cligues, e.g. [46], we compute the rectangularity featyra
exhaustive search for the maximum in Eq. (11).
Z el ifrs0 (Bes oo (75.5) ) Fig. 6 (left) shpws an example of a give_n sBt =
TRUTIB0APk,G Cev i Th.g ' {S1,8Ss,..,S¢} of linear segments and the optimal configu-
{k,j} € E° ration Copr = {S1,S5,83,85} in red, while Fig. 6 (right)
wherefy, f1509, andf., are mode functions depicted in Fig. 5shows the corresponding gragh® and the optimal maxi-
fgo andfigg equal zero for angles that deviate from the mode mal clique Gg,; in red. There are two additional maximal
center larger than the angle toleraneef,, equals zero for cligues G§ and G§ and corresponding valid configurations
the convexity measure larger than the convexity toleran¢e C; = {S3, 85,84, S6},Ca = {S1, 82, S3,S4}. They, however,
In our experiments we used = 35° andt = 0.3. The exact have lower rectangularity valuggG{) < p(Gg,,), p(G35) <
definition of the mode function is not critical and is not give p(Gg,;).
here due to space considerations. Fig. 7 shows a couple of examples of the rectangularity
The first factor of p(G¢) in Eq. (8) yields a non-zero feature computed for the real satellite and areal images. Th
value only if the valid configurationC contains at least _
one pair of approximately perpendicular inear segmets th, o 1 Secod 11 s o sl it on et s
fulfill the convexity constraint in Eq. (7). The second factoyjth a non-zero convexity measure.
is non-zero only if the valid configuration contains at least“Maximal cliques are cliques that are not contained in lajeues.

Bl
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S, p IV. LEARNING IN THE RECTANGULARITY-SIZE FEATURE
\ ; SPACE
V ’ The rectangularity feature scales with the structure size
having lower values for small structures. A detector based
Sx o 4, , , on such a feature is prone to dismiss small rectangles. On
the other hand, false structures of a small size are more
b A frequent. We, therefore, introduce an additional featyise
3 proportional to the structure size and learn a classifiemfro

the available data in the two-dimensional rectangulasing

Fig. 6. Left A setW = {S1,S2,..,Sq} of linear segments around afeatyre space. This may improve the trade-off between the
candidate poinpg. Right: A graphGY for the set of linear segments. We s d th b ffalse d . . f
assume an angle toleranee such that all angle constraints are satisfied.sens't'v'ty and the number of false detections in comparso

Several node pairs of the graph are not connected by an edgdoditne the one-dimensional case. We define the size of the strycture
convexity constraint, which is not satisfied for an assun@mwexity tolerance represented by the optimal Cliq&éc C G" as

t. The red nodes of the graph are the nodes of the optimal maximae opt

Ggm. The corresponding valid configuratid@,,: is marked in red on the Z ) erj

left figure. fs(GY) = = (12)
Zj l

where the sums are over all nodes of the optimal cliGig, .

fsis computed as the weighted distance of the linear segments
of C,,: from the corresponding candidate point, where the
weights are segment sizes.

Since only a few positive examples are available in our case,
a classification approach should be carefully chosen. Tieafi
classifiers are favorable when there is a danger of ovedittin
the data due to a limited number of available examples. They
also are not computationally demanding. The normalf the
separating hyperplane of a linear classifier can be found by
means of the Fisher Linear Discriminant analysis (FLD). In
this approach, the optimal direction is determined suchttiex
data from two classes projected anis maximally separated.
The separation is measured by the squared distance between
class means normalized by the sum of their variances [45],
[47]. This approach results in a simple solution represknte
in terms of class means and covariance matrices. In our case,
however, the number of positive examples is very limited and
the covariance matrix cannot reliably be estimated.

We optimize the normal directiom based on the large num-
ber of available samples from the dominant class of negative
and just a few examples from the class of positives. Let us
define the expected signed distance between a deterministic
Fig. 7. First row: Bar edges (black) and candidate points)(generated ointy (positive example) and the distribution of negatives,
from the images in Fig. 1. Second row: The rectangularityuieacomputed . . . .
at each candidate point and visualized by a colored diskorCsaturation both prOjected to the directiom and normalized by the

increases and hue is changing from yellow to red for growialyes of the Standard deviation of the projected distribution
features in accordance with the color bar in the bottom.

By [why—w'a]  w(y—p)

_ . . VE: [(wTz —wT )2 VT Cow
first row shows detected bar edges and candidate fdiBes. h qc h dth . o of
II). The rectangularity featurgg computed at the candidate'V€r€ /. andt;, are the mean an the covariance matrix o
points is visualized by colored disks in the second row. Ath distributionX,, respectively. Next, we define the average

expected, high values were obtained at positions of LE whixdned dlstgr;ﬁe t(;?t;"’_ie? an)?et of deterministic pdjiptsi =
zero or low values were obtained at most other candideﬁe""n} and the distributio
positions. One can see that the rectangularity feature map i _ 1 & wT (i — i)
quite sparse. This is partially because the rectangutierityure D ({vi}, X) = — > Du(yi, X) = Nz (14)
has zero value for spurious structures with less than thdes.s i=1 *
wherey = %Z?zl y;- We now define the optimal direction

5Note that not all of the candidate points are the same as inFign w as the direction that maximizes the absolute value of the
contrast to Fig. 3, the map of candidate points in Fig. 7 tedufrom the ayerage sianed distance between a set of points corresgpndi
union of points coming from both valley and ridge edges. Gndther hand, g . 9 | d the distributi fph domi |
candidate points that are to too distant or too close to tigesuere removed to pOSItI\{e exarr_wp es and the distribution of the dominaasg
(see Sec. IlI) and do not appear in Fig. 7. of negativesX, i.e.

Dy(y, X)

, (13)




ZINGMAN et al. DETECTION OF FRAGMENTED RECTANGULAR ENCLOSURES 7

Somewhat similar ideas of using Linear Discriminant Anal-

Wopt = argmax | Dy, ({y:}, X)|. (15) ysis (LDA) adapted to a small number of positives within the
w context of pedestrian detection appeared in [49]. Relying o
From Egs. (14, 15) we obtain the high-dimensional HOG features [30] and LDA, the authors
o modeled the background class with the mean and covariance
Wopt = argmaxw, (16) matrix learned from unlabeled image patches. Their model
w VT Cyw trained on a few positives was highly competitive. In cosiira
It can be shown that to [49], our model was explicitly derived from optimizatiof
Eqg. (15) that was defined as a way to cope with the settings
Wopt = Cy ' (§ — i) (17)  of the highly unbalanced problem at hand.

is a solution of Eq. (16). The obtained directiog,; is similar
to the one in the FLD analysis [45]. In contrast to the FLD V. DETECTION OF ENCLOSURESTHE SILVRETTA ALPS
solution, Eq. (17) includes the covariance matrix of thesgla CASE STUDY

of negatives only, preferring the solution in the directioh v it 5 yser interface that allows a user to explore

Fhe small variance of nggativeg. Negative; are well Samplﬁ?ge images, shows detections and their confidence, and
in our problem and their covariance matrix can be rObUSta}flows to quickly examine and reject falsely detected sites

estimated. The positives are treated as deterministictspoiv\/e determine a threshold parametefor the LE detector in

in the fealfl_Jtre S”paf; and mﬂuencfe the Iflomqu OTLy ;’.E';th?:lﬁ. (18) based on the number of allowed false detections. The
average. Literally, the average only weakly guides tetsmiu - o i ierface allows choosing the number of false detestio

pointing to the relevant location in the feature space. No be generated for an analyzed image.

that the signed _d_lstance in Eq. (14) for,,, given n E_q. We applied our detector to the region of the Silvretta Alps
(17) yields a positive value equal to the Mahalanobis dman[so] of about550 km? size. We used panchromatic images at
Du,,.({yi}, X) = \/(?3 — 112)7Cs ' (§ — p) With the metric  0.5m resolution captured by the GeoEyel satellite. The data
Ca. stems from a recent archaeological project in the Silvrlipas

The samples ofX’ may include outliers. Therefore, in Eq.[2]. We also repeated our experiments using the red channel
(17) we use the robust Multivariate Trimming (MVT) esti-of SWISSTOPO aerial images of 0.5m resolution that covered
mates of the mean and the covariance matrix [48]. The MV s|ightly larger area of the same Silvretta region. However
is an iterative technique with mean and covariance matricg technical details below refer to the case of the satellit
recomputed at each iteration. Given the current estima’tesimagery_
p. and C, the Mahalanobis distance is computed for all The rectangularity feature may result in a large number of
the data points. A specified percentage of the observatiggfe detections in textured regions (e.g. forests). Smeare
with the largest Mahalanobis distance is discarded and tgﬁIy interested in livestock enclosures that sparsely apjme
remaining data is used to recompute the estimatgs,cdnd grassland areas, high contrast texture regions were @lt@ue
Cy. The technique is initialized with the sample mean angsing the Morphological Texture Contrast (MTC) descriptor
covariance matrix computed from the whole data. The sampt@q]' [32], [51] thresholded with the Otsu method [52]. The
with zero rectangularityfr, which correspond to non-valid gjze parameters, andr, in the MTC were set to 30 and
configurations, were excluded from such a training procedugg pixels, respectively. This filters out urban areas, fistes
In our experiments we used three iterations and discart#d rocky mountains, and other high contrast texture regiohdgw

of observations in each iteration. preserving individual structures.
We will refer to F For learning the optimal directiom,,; we used the 9
frs= ( fi ) available examples of livestock enclosures and 49584 ivegat

examples of structures around candidate points (see Sec. Il
as the rectangularity-size features. Given the optimalation  extracted from al1000 x 17000 pixel satellite image. The
wept, the LE structures are detected by detection threshold in Eq. (18) was set such that the number
F vy > b (18) of gen(_arate(_j detec'Fions wag00 in tht_a anal_yze(550km2 area.
RSTopt = % After visual inspection of detected sites with our userriiatee,
where b is a threshold to be set. It determines the tradae found13 structures resembling livestock enclosures. Some
off between the sensitivity and the rate of false detectionsf these detections were found to be livestock enclosurs th
The optimal linear feature combinatiofyqw,,:, Which is were hitherto unknown. An example of such an enclosure
computed at candidate points, can be seen as a confidescghown in Fig. 8 on the left. Fig. 8 on the right shows a
measure of an enclosure structure being present in the angzical false detection. False detections are usually exhiby
around the candidate point. Note that learning the optimsireams and roads. The use of 3D data (e.g. LiDAR or based
feature combinationu,,; as shown above is not limited toon stereo image pairs) would allow the discrimination oftsuc
two-dimensional feature spaces, but directly extendsgbéri false detections.
dimensions. This will be used in our experiments in Sec. VI in In our experiments we used a Matlab software. The satellite
order to compare the developed features with high-dimesioimagery that cover$50km® was divided into 17 partially
generic features. overlapping images. Processing of all the images (inclydin
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deep features in conjunction with either a fully connected
neural network [55] or even a simple linear classifier [S68}
trained on a relatively small target set of images. Moreover
deep features were also shown to be useful for classification
of remotely sensed images [59]. Such an approach allows us
using CNNs even though we have a very limited amount of
positive examples to learn from.

We generated deep features using several CNN models pre-
trained on the subsets of the ImageNet database [60]. Deep
featuresfygg-f, fugg-m, fyvgg-m-2048 fvggs> Were extracted from
the CNN architectures described in [2figg-deep-16 fOverFeat
Fig. 8. Left: An example of a previously unknown enclosuret thas detected and fgoogLenet Were extracted from the networks described
using the proposed rectangularity-size feature. Righyzpical false detection. [26], [28], and [29], respectively faexnet features were
extracted from the network described in [25], whif@aftenet

all the stages), which is equivalent to processing of a einépatures were generated by an independently trained igariat

53000 x 53000 pixel image, took three hours and forty minute®' that network as mentioned in [61], [62]. All deep featyres
on a machine with an Intel Core i5 3.3 GHz Quad_Cor%xcept OverFeat, were computed using the Matlab toolbox

MatConvNet [63] using the pre-trained models taken from the
processor and 32GB RAM.

webpage [64] accompanying the toolbox. The OverFeat pre-
trained model was taken from the webpage [65], which has the
source code implementing the deep network presented in [28]
The "fast” network was used. Following recommendations of

We evaluated the discrimination ability of the introducethe authors of the CNN models, except for OverFeat, we
rectangularity featurefr and provided a comparison withsubtracted the mean image of the training dataset from each
the NMR measurefymr we developed earlier in [20] andimage presented to the CNNs. Since we detect structures
the GODF-based featurgsopr in [10] recently proposed for in gray-scale images, while the CNN models require RGB
building detection. The GODF, denotedd), is a weighted channels as an input, we set each channel equal to the given
gradient orientation histogram with gradient magnitudes gray-scale image.
weights and discrete orientatighe [0, 180). The correlation ~ The HOG features were computed fot x 14 pixels cell
of A(#) with a function having two modes separated bgize (with 7 pixels of overlap from one cell to the next)
90° served as a GODF-based featufeopr indicating the and 9 orientation bins, which gave us the best results among
presence of rectilinear structures. The normalizatiorstant all configurations with which we experimented. We used the
was set such thax(#) is a unit vector, which gave us betterC source code of the HOG implementation available in the
results than for the normalization constant equal to the swiFeat package [66].
of the weights used in [10]. More implementation details All the features were computed for image regions around
can be found in [24]. Note that we did not compare thghe candidate pointg. The size of these candidate regions
rectangularity feature with the whole approach developed was taken proportionally to the distance transfabip) (see
[10], because it is based on additional features not apjatepr Sec. 11). To keep the size of HOG feature vectors constant we
in the case of enclosures. We have also tested other methrtized the candidate regionsiié0 x 160 pixel patches. Deep
for building detection (e.g. [8], [11]) applied to detectiof features were computed for the candidate regions resized to
livestock enclosures. Unfortunately, these methods cetelyl the size required by a particular CNN architecture.
failed to detect enclosures. Thus a corresponding qutngita
comparison cannot be made.

We also used the learning framework described in Sec.
in order to evaluate and compare the developed rectangulari Using a particular type of feature§ livestock enclosures
size featuregrs, high-dimensional HOG feature vectofgog Can be detected witli > b for 1D features fr, fnmr, fcopF)

[30] and deep convolutional neural networks (CNN) [53],][54and with fTw,,; > & for multi-dimensional features
generating so called deep features, dengtagh with CNN  (frs, fHoe, fonn), wWhereb is an appropriate threshold to be
substituted by the name of a particular CNN architectureet. Setting a particular threshold defines the true pesitie
These deep features are neural activations generated by pF&R) and the false positive rate (FPR), or correspondingly
trained CNNs at some intermediate layer of the deep netwotke number of detected true and false positives (TP and
Usually these features are extracted either from the last c&P). In our case, the effectiveness of the features is their
volutional layer or from one of the following fully connecte ability to discriminate livestock enclosures from irreden
layers but before the final one. There is mounting evidenstructures and clutter. A possible measure of this abithe
that such features generated by CNNs pre-trained on a ver . _

arge dataset o abeler) images have & suffcent repraimnta, 1S Leve s Syebnenes oy 1096 2 g Zs S
power to perform recognition tasks on completely dlffererpf)’

: but they gave worse results compared to Vgg-m. Therefeeedid not
types of target images. Several recent works successfsdlgl U consider these features in our comparative experiments.

VI. COMPARATIVE EXPERIMENTS
A. Features for comparison

R/ Measuring discrimination power of the features



ZINGMAN et al. DETECTION OF FRAGMENTED RECTANGULAR ENCLOSURES 9

minimal number of FP detected with the threshold that insur€. Evaluation procedure

. , o
TPR > ¢, where is the predefined rate of true positives | oyr experiments here we used panchromatic satellite
We computedF”P> for & = 1, denoted in the following by jmages at 0.5m resolution that cover mountainous regions of
FPig. This was done by setting the detectlog threshbld e Silvretta Alps. Similarly to Sec. V, high contrast textu
to the minimum value off for 1D features andf™ wo fOr  yegions were filtered out using the Morphological Texture
mult_|-d|men5|onal features computed for_aII positive em. Contrast (MTC) descriptor [31], [32], [51]. We generated
Obviously, the threshold used to obtain the detection rajgss4 negative samples for training. The samples were taken
TPR =1 on a small number of available examples doegond candidate points in B1000 x 17000 pixel satellite
not insure a detector with00% detection rate. However, it image. For testing we uséd’504 negative samples taken from
allows us to measure and compare the discrimination ability yifferent satellite image 0f0000 x 17000 pixel size that
of the featuresF Py is related to the spread of the class ofgyers about2.5 km?. Overall only9 examples of enclosures
positives toward the samples of the class of negativeslasisi  (yositives) taken from aerial and satellite images werdl-ava
to the Fisher criterion of discrimination ability [47]. Hewer, 5pie to us. We augmented this data with additidrsl rotated
F'Pioo also gives a rough estimate of the minimal number Qfrsions of the same enclosures.rotation angles were taken
false detections per area size that should be allowed inr Orgﬁﬂiformly in the interval [0,360) degrees. This results in
to have a reasonable detection rate. Unfortunately, theabct; ;4 positive examples, which is hardly enough for training

detection rate cannot be reliably estimated due to a ver Smg,q evaluation on separate train and test subsets as we have
number of positive examples. done with negative samples. In the case of high-dimensional

We also used an alternative measure of the diSCfiminati%ture vectors, the learned classifier parame{aﬁ% and
ability that is the area under receiver operating charactgfie estimated performance may largely vary, depending on
istic (ROC) curve. It is especially useful in the presencge selected subset of positives. In order to use most of the
of unbalanced classes [68], [69]. In contrastHd100, the positives for training and also make reliable evaluatiorthef
area under receiver operating characteristi¢/() does not classier performance based on the data not used for training
rely on a particular threshold and a corresponding ope&gatifye perform 9-fold cross validation. Note that we do not have
point on the ROC curve, but instead summarizes the detectigyper-parameters associated with the classifier that rebed t
performance for different values of the threshold. In fact, get g priori or optimized on spare data. On each fold weldse
is an average of true positive rates estimated for all falggamples of the same enclosure at different angles fontesti
positive rates. ThelUC' has an important statistical propertyand other128 positives for training.
It equals the probability that a randomly chosen samft®em  |n the following we report the average value of the perfor-
the population of positive$ has a higher scor¢(y) (€.9. mance measures and the standard deviation over the nirge fold
the rectangularity feature) than the scqfier) for randomly of cross validation. In addition, we compare the sensjtivit
chosen sample: from the population of negatived/, i.e. of Fp,,, to the reduction in number of positives used for
AUC(f) = P(f(y € P) > f(z € N)). We estimated this training. To do so we compute the “inverted” 9-folds cross
probability of a correct ranking by means of the Wilcoxonyalidation where on each fold we use orll§ examples of a
Mann-Whitney statistic [69], [70] as single enclosure at different angles for training. Foritestve

use all144 positives on each fold. Thus, the results may vary

1 G only due to the used training data, since the same data set is
npnn z; z; [(f(y €P), fz; € N)), (19) used for the performance evaluation. Note that for the cése o
1=1 =

FPyyo measure, using all the positives for testing including a

wherenp andny denote the number positive and negativeingle training example can yield only higher (worgepoo,
samples, respectively, anf(u, v) is the indicator function Pecause the worst positive sample defifigs,oo.

defined as
1, u>v D. Results
I(u,v) = 0, u<w The quantitative measures of the discrimination perfor-
0.5, u=w. mance of the rectangularityg and the rectangularity-size

features frs are summarized in Table |. The performance
It should be noted that for the case of normally distributegieasures” P, o, and AUC evaluate the discrimination ability
features f(x), f(y), the AUC has a simple relation to theof the features for our task. Th&' Py, (see Sec. VI-B)
Fisher criterion [43], [47], which is also frequently usesl@ measures the number of false detections obtained in an area

separability measure between distributions. NamdlyC' = of approximately42.5km*, when all available positives are
tp—tin_) \where® is the normal cumulative distribu- detected. This measure is particulary useful as it helps to
Vopton decide how many false detections should be allowed in order

tion function, evaluated for the Fischer criterion for pivei
and negative populations with distribution means ., and
standard deviations,, o,,, respectively.

to have a high detection rate, i.e. the rate that insureti@te
of at least all available positives examples. ThiéC' measure
yields a performance ranking of different feature typesisim
to that of FPgy. On the other hand, unlikéd"P;qq, the
"This corresponds to the so-called Neyman-Pearson task [67] absolute values oAU C are quite close to each other giving
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TABLE | the 9th remaining example) for testing (see Sec. VI-C for
COMP?SLASRO’}GO; Dliggl'?A:i';AJé%hlig;:;iii'?UFROERS'LHi FSEATURES details). Mean values of' P;op show that the rectangularity-
/GODF RS size featuresfrs outperform all the other features by a
large margin. Surprisingly however, two architectures NG

FPio  AUC x10° _ dim. AlexNet [25] and Vgg-f [27], provided us with deep features
fooor | 6862 99.262 1 that showed relatively high performance. This is a remaekab
fN“}E ZSZ 83;32? i result, because the CNNs were trained on a completely differ

frs 201 99.977 2 ent image dataset, while the linear classitigy,; was trained

on 128 examples augmented from just 8 real enclosures. Note
that no fine-tuning of the pre-trained CNN was performed.
) ) . ) These results also indicate that the simple methodology we
the wrong impression of similar performance. The high ang,e|5ned in Sec. IV for learning from a few positive and
close values ofAUC are due to the ability of the detectors?%f‘,:lrge number of negative examples is useful even for the

tcil rejeglt [)r;ost negatives :’h'le detectlndg_ a modest number fg o high-dimensional features. Though, as we show below
all available positives. The corresponding ROCs saturate rformance of such features is much more sensitive to the

the maximum detection rate already for small values of falgg, ey of positives used for training the linear classifier.
positive rate and differ only for lower false positive rates We experimented with CNNs with one or two final fully

Ne(\j/erth(faltla?s, along WI'_th the' Pioo, ‘?’h'Ch |s_£102?b|ntumve connected layers or the softmax function of the last layer
and useful for our application, we also providé/C’ because o queq. The table shows the layer that yields the best

it is commonly used for evaluation of detector performancgy o:ming features. For AlexNet the best result was oltiin
The last column in Table | indicates the dimensionality af thWhen two final fully connected layers were kept. For all the

features. S N other CNNs the best results were obtained when features
Table | shows that the discrimination ability of theyere taken from the first layer that generates data reduced to
rectangularity-size featurefrs is superior to the others. It , 1 spatial dimension, which is an average pooling for the
allowed reduction of false positives 1% relative to fr, GoogLeNetand a fully connected layer for all the other CNNs.
which is in turn considerably better than the NMR measurgy results support the hypothesis that convolutionalrsgé
Though effective for building detection, the GODF-basegye-trained CNNs generate generic intermediate featinas t
feature turned out to be far worse for detecting faint engles might be useful for various tasks. In contrast, the finalyfull
in cluttered background. This feature is not useful wheghnnected layers generate task specific features.
computed over large windows, where the relative number oftapje |1 also shows how the performance for all features
points belonging to an enclosure is small. dropped when only 16 augmented samples were used for
To compute the rectangularity-size featuyfgs we learned training (see Sec. VI-C for details) within each fold of sos
wept from the separate training dataset of 49584 negativalidation. However, in contrast to the other features, the
examples (see Sec. VI-C). The set of 144 augmented positiyéstangularity-sizefrs still yielded relatively high perfor-
used for testing of all the feature types was also used fgrance, while all the other high-dimensional features becam
training the linear classifier. Learning the two-dimensionnot useful. This experiment showed high sensitivity of the
w,pt iNVOlves positives only via their average(see Eq. (17)) performance to the number of training examples for the
and uses separate large datasets of negatives, therefisre dase of high-dimensional features. This also suggests that
unlikely that the data is overfitted. Nevertheless, below wsllecting additional examples might substantially imgo
carried out another set of experiments, where we avoid te Wkeir performance.
of the same positives for training and testing by means &fro We also notice that the deeper architectures (Vgg-deep-
validation procedure (see Sec. VI-C for details). Usingssro16, Vgg-deep-19, and GoogLeNet) did not have superior
validation also allowed us comparison with high-dimenaionperformance for our task. The architecture of CNNs was
HOG and deep CNN based features (deep features), which gigre important than just their depth, which is in line with
much harder to keep from overfitting. a recent observation in [71]. Note that the best performing
Table Il shows the discrimination performance of th€NNs AlexNet and Vgg-f have similar architecture [27].
rectangularity-size featuregrs, high-dimensional histogram The importance of the particular architecture is also ewvide
of oriented gradientgyog, and deep featurefonn generated from the large variability of the performance of the diffete
by several pre-trained CNNs. For all CNN architectures, ti@\Ns in Table Il. Moreover, though CaffeNet and AlexNet
table gives the layer used to extract features that produaa@ supposed to perform similarly (the first network is a
the best result. Given a particular set of features, we use thinor variation of the second [62]) they produce substan-
methodology described in Sec. IV based on training the tine@ally different results. The differences in particulaaitring
classifier (learning the hyperplane,,;). The table shows procedures may be responsible for such a discrepancy. The
mean values, standard deviation, and worse values (maxchpice of the CNN architecture and training procedure was
min) for the discrimination measurdsP;oyg and AUC over crucial for our task and seems likely to be critical for other
nine folds of cross validation. On each fold of cross valwat applications. However, it seems that currently there is no
128 positives (augmented from 8 real examples) were usestablished alternative to the trial-and-error based cehoff
for training and the remaining 16 positives (augmented frothe most suitable architecture for the task at hand.
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TABLE Il
COMPARISON OF DISCRIMINATION MEASURES FOR MULTADIMENSIONAL CNN, HOG,AND THE PROPOSED RECTANGULARITYSIZE FEATURES/Rs.
9-FOLD CROSS VALIDATION WAS PERFORMED ONL44 (AUGMENTED) POSITIVES WITH EITHER1280R 16 SAMPLES(/Npos) USED FOR TRAINING LARGE
SEPARATE DATASETS OF NEGATIVES WERE USED FOR TRAINING AND T ING. "fc” ADJACENT TO THE LAYER NUMBER IN THE TABLE STANDS FOR
"FULLY CONNECTED".

Npos = 128 Npos = 16

feature FPioo AUC x 102 FPioo dimensionality | output layer

mean std max mean std min mean
frs 49.3 64.3 203 | 99.976 0.036 99.884 206.3 2
SfalexNet 178.6 373.7 1145| 99.943 0.124 99.615 35834.1 4096 fcr
Fvag-f 195.4 269.5 847 | 99.849 0.213 99.358 22699.8 4096 fce
fygg-m-2048 365.8 520.6 1688 | 99.814 0.287 99.091 25895.0 4096 fce
fvgg-deep-19 578.1 1694.3 5096| 99.718 0.826 97.515 32573.9 4096 fci7
SfcaffeNet 609.7  1153.8 3498| 99.771 0.384 99.00Q 46673.3 4096 fce
fygg-m 631.3 1039.9 2600| 99.752 0.484 98.527 31120.2 4096 fce
fooogLeNet 1002.4  2176.5 6549| 99.727 0.608 98.161 18603.1 1024 avg pool,
fvag-s 2911.2  7097.7 21720| 99.353 1.348 95.835 38231.3 4096 fce
SfoverFeat 2967.3  8164.2 24715| 99.416 1.554 95.281 37536.7 3072 fce
fvgg-deep-16 | 3473.0  10294.5 30925| 99.447 1576 95.244 39626.8 4096 fciq
froe 7472.8 8352.8 27155| 97.926 2.404 92.045 54154.9 4356
frRand-4096 54039.1 31245 57019.9| 49.871 6.694 39.629 57054.1 4096
frand-2 54227.0 2819.5 57087.5| 50.736 6.164 41.099 57034.4 2

also be used for other tasks. Here we illustrate its apjpicad
building detection. Since the MFC based line detector eidra
bar edges only, we replaced it with the line segment detector
of [36] that also extracts step edges that are more apptepria
for detection of buildings. In the case of strong object casts
(unlike the case of livestock enclosures) it reliably detec
object borders and yields relatively small number of edges
caused by clutter.

Once the edges were extracted we used the same algorithms
as described in Sec. Il and Sec. Il in order to generate the
rectangularity featurefg. Since we do not have a labeled
training dataset for buildings we did not experiment heregwi

Fig. 9. Candidate patches generating highest responsesekiét (top row)  the rectangularity-size featurggs. We also do not expect that
and Vgg-f (bottom row) architectures of pre-trained CNN#ofwed by a

linear classifier trained on 8 real examples (128 augmentegngles) of it Can_ essen“a”y l?e better th@fh’ because the Va”ablllw
rectangular enclosures and large number of negatives. tNatehese patches Of buildings sizes is much smaller than for the case of the

contain structures that are conceptually close to reatangl enclosures. Nevertheless, we still took into account thpede
dence of thefr on the size of the structure by normalizing the
rr]%ctangularity feature agr/fs. Fig. 10 illustratedn(fr/ fs)

Vo NN that Gencrate fop reaponses af e Inear casaffoTPUEd 101 @ SWISSTOPGUI) x 1000 aerial image of
99 g b resp .25m resolution taken over the Bernese Alps. The logarithm

L . Th hes were taken f 57504 n Y . . -
Jenntopr- The patches were taken out of 57504 negatvg, = o in order to make weak detections better visible.
samples used for testing. These top response patches llese e used the same parameters as before for 0.5m resolution
the structures of our interest, indicating that correspgnd P ’

. images, except for the maximal size of building structufé®
deep features might be powerful enough to capture the concep = : . ; -
aximal size was reduced to 65 pixels, while the minimal
of the rectangular enclosures.

. size was kept to 15 pixels. One can see that most of the
For reference purposes, in Table Il we also evaluate perfor-

. uildings were detected. On the other hand, there are false
mance of random feature vectofgang USing the same eval-

uation strategy. The random feature vectors with 2 and 4oggtect|ons mostly caused by occasional configurationsretfo

entries of independently identically distributed varebivere and field edges or roads_. In _urban areas our dete_cto_r may
o produce many false detections in between adjacent bugding
drawn from the standard normal distribution. As expecte

. other manmade structures. Therefore, in the original faha,
such features give averagéUC values close to 0.5. The . ) .
. o detector might be more appropriate for rural or mountainous
resulting mean values for false positivésP;oo are not far

. reas when high sensitivity is needed for detection of pbssi
from the overall number of samples used for testing (5750 cluded individual rare structures. For better perforcasi

can be adapted to detect buildings (instead of enclosusgs) b

for example, incorporating region and/or corner cues. Such
Though the rectangularity feature was developed for alaptations, however, are out of the scope of this paper,

particular task of detecting ruined livestock enclosuiesan as is the quantitative evaluation of performance for bogdi

VIl. APPLICATION TO DETECTION OF BUILDINGS
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Fig. 10. Left: Building detections id000 x 4000 aerial (SWISSTOPO) image of 0.25m resolution visualizectcbipred disks. Right: Enlarged bottom right
part of the image in the left. Color saturation increases faurelis changing from yellow to red for growing valueslof fr/ fs) in accordance with the color
bar in the bottom.

detection tasks. rectangularity-size feature space that improves over #e d
tector based solely on the rectangularity feature. The same
VIIl. CONCLUSION methodology in high-dimensional feature space was used to
We introduced the scalar rectangularity featufe for learn the classifier based on I-_|OG feature vectors_ and feature
detection of approximately rectangular livestock endlesuVectors generated by pre-trained deep convolutional heura
structures in remotely sensed imagery. It has shown high pBftworks (deep features). Quantitative comparison hasrsho
formance in discriminating ruined enclosures from irrefey that the rectangularity-size featurgs clearly outperform
structures and clutter. Due to the inherent difficulties af o (N€se state-of-the-art features for our task.
problem, such a performance is hardly achievable with otherHowever, we have found that several pre-trained deep CNN
approaches for detection of rectangular contours, nor wigichitectures (that yield generic deep features) along thie
related approaches, e.g. for detection of buildings. Nie&, t linear classifier trained using our methodology from just a
while the building detection problem can be addressed usif@yv positive samples (augmented using rotations) and & larg
the enclosure detector (see Sec. VII for example), detectiBumber of negatives may still result in a well performing
of enclosures cannot be approached using building detectétetector. Although these CNN-based features did not perfor
In general, methods for building detection are not suitébte as well as the rectangularity-size featurfes, they may still
our case because of considerably lower heights (resultinglie useful for detection of the livestock enclosures of very |
low feature contrasts) and feature sizes (ruined wallsugersontrasts. Contrary tgrs, they do not require a separate stage
building rooftops), and due to the absence of various cuekextracting bar edges, which may fail in the cases of very
(roof colors, roof homogeneity, shadows, 3D cues, etc.né&o low contrasts (e.g. due to low heights of ruined walls). More
walls or parts of them may be missing or may also be misseder, given examples of enclosures of non-rectangulareshap
in the edge extraction (the width of linear features does ne€ could easily retrain our linear classifier using the same
exceed two pixels in images of 0.5m resolution). Variougeneric deep features. The resulting performance is litely
irrelevant structures (trails, streams, rocks etc.) withes beimproved by learning from more augmented examples using
or/and reflectance properties similar to those of enclosatts ~ additional transformations, e.g. scaling, flipping, btigss
may occasionally form rectilinear configurations. In castr transformations etc. Availability of additional (real) gtive
to enclosures, building rooftops are much more distinctigxamples is certainly critical for improving performance o
structures. As an example we have shown that the GODIRe deep CNN based detector and may also enable performing
based feature used for detection of buildings reveals a pdige-tuning of the CNN itself for further gain in performance
discrimination ability for our task. The above issues are interesting for future research.
We also designed a size feature and introduced a methodolwWe reported that by using our algorithms (detection of bar
ogy used for learning a linear classifier in the two-dimenalo edges, candidate generation, computation of the rectarityul
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size features, linear classification) we detected livéstolo-

[16]

sures in the Silvretta Alps that were hitherto unknown. Vée al

discussed a different application of the rectangularigtdes

[17]

for detection of buildings in rural or mountainous areas: Fo
better performance in such an application, the rectanitylar
feature should be accompanied by other features captur[
additional properties of buildings.

[19]
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