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Abstract—In this paper, we develop a unified vision system
for small-scale aircraft, known broadly as Micro Air Vehicl es
(MAVs), that not only addresses basic flight stability and catrol,
but also enables more intelligent missions, such as groundjct
recognition and moving-object tracking. The proposed sysm
defines a framework for real-time image feature extraction,
horizon detection and sky/ground segmentation, and contéal
ground object detection. Multiscale Linear Discriminant Anal- Fig. 1. (a) six-inch UF MAV, (b) six-inch MAV in flight.
ysis (MLDA) defines the first stage of the vision system, and

generates a multiscale description of images, incorporatg both . board vid Whil board .
color and texture through a dynamic representation of image IS an on-board video camera. lle an on-board camera IS

details. This representation is ideally suited for horizondetection ~€Ssential for a remote human supervisor, it also offers dthvea
and sky/ground segmentation of images, which we accomplish of information that can be exploited in vision-based altjoris

through the probabilistic representation of tree-structured belief  for guidance and control of MAVs. As such, this paper present
networks (TSBN). Specifically, we propose incomplete meta 5 nified computer vision framework for MAVs that not only

TSBNs (IMTSBN) to accommodate the properties of our MLDA S -
representation and to enhance the descriptive component tfiese addresses basic flight stability and control, but also bl

statistical models. In the last stage of the vision processy, More intelligent missions, such as ground object recogmiti
we seamlessly extend this probabilistic framework to perfon  and moving-object tracking. In this framework, we first séek
computationally efficient detection and recognition of obgcts extract relevant features from the flight video that will lelea
in the segmented ground region, through the idea of visual higher level goals. Then, we apply this image represemtatio

contexts. By exploiting the concept of visual contexts, weaa ¢ ds hori detecti d sky/ d tation f
quickly focus on candidate regions, where objects of intest owards horizon detection and Sky/ground segmentaton tor

may be found, and then compute additional features through bPasic flight stability and control. Finally, we extend thiasic
the Complex Wavelet Transform (CWT) and HSI color space framework through the idea of visual contexts to perform
for those regions, only. These additional features, while ot object recognition in the flight video. Throughout, the most
necessary for global regions, are useful in accurate detdoh 4ot factors that inform our design choices for théovis

and recognition of smaller objects. Throughout, our appro&h t (1 L-ti traints. (2 bust deovi
is heavily influenced by real-time constraints and robustnss to system are: (1) real-time constraints, (2) robustness deovi

(b)

transient video noise. noise, and (3) complexity of various object appearances in
flight images.
. INTRODUCTION Subject to lighting conditions, landscape and video noise,

Over the past several years, researchers at the Universégognition of various appearances in natural-scene imige
of Florida have established an active program in developiagchallenging problem even for the human eye. Therefore, we
Micro Air Vehicles(MAVs); for example, Figure 1 shows oneresort to a probabilistic formulation of the problem, where
of our current MAVs. More recently, we have demonstratezhreful consideration must be given to selecting suffityent
vision-based flight stabilization of MAVs [1], [2]. This pap discriminating features and a sufficiently expressive ninde
moves well beyond this previous work in considering robustamework. In our approach, feature extraction is perfarme
stabilization for less benign environments, and in devielpp by multiscale linear-discriminant analysis (MLDA), which
a unified vision-based framework for control, tracking angdrovides a harmonic, multiscale representation of imaggs [
recognition of ground objects to enable intelligent miasio[5]. MLDA explicitly incorporates color in its feature re@r
profiles. sentation, while implicitly encoding texture through a dymic

Imparting MAVs with autonomous and/or intelligent caparepresentation of image details. Not only have we shown that
bilities is a difficult problem, due to their stringent pagtb MLDA-based horizon tracking runs in real-time, but MLDA's
requirements and the relative inadequacy of currentijaviai sparse representation of images also significantly spepds u
miniature sensors suitable for these small-scale flightcleh computation in subsequent stages of the overall visioresyst
The one sensor that is absolutely critical for almost any Having detected the horizon, we proceed with sky/ground
potential MAV mission (e.g. remote surveillance), howevesupervised segmentation, resorting to a Bayesian forioalat



e II. MULTISCALE LINEAR-DISCRIMINANT ANALYSIS

- Our choice of feature selection is largely guided by exten-
sive experimentation [8], [9], from which we conclude that
a prospective feature space must span both color and texture
domains. We have considered numerous image analysis tools
discussed in the image processing literature. For instance
¢ [10], wavelet-domain analysis of natural-scene images was
= “  shown to be very efficient, especially in the presence ofwide
ﬁﬁ noise. On the other hand, recent findings on human vision
A=sBSE and natural image statistics [11], [12] undermine the appro
priateness of wavelet-based approaches. In this litexaitr
has been reported that unlike wavelets, cortical cells ey
sensitive to orientation and elongation, along with theatmm
and scale of stimuli. Moreover, the basis elements which bes
“sparsify” natural scenes are, unlike wavelets, highlgdion-
where image classes are represented by statistical modgicific. Hence, recently many new image analysis methods,
Although modeling sky and ground may seem intuitively easyuch as wedgelets, ridgelets, beamlets, etc. [4], [13] baea
it is, in fact, a very challenging task. To statistically nebd proposed. Aside from the multiscale and localization prop-
complex variations in these two image classes, as illeiit  erties of wavelets, these methods exhibit characteristiat
Figure 2, we propose the novel incomplete meta tree-stredtu account for concepts beyond the wavelet framework, as does
belief network (IMTSBN). IMTSBNSs are capable of represenbur approach to feature extraction and image representatio
ing neighborhoods in the image at varying scales, mirratieg namely,Multiscale Linear Discriminant Analysis (MLDA3].
MLDA multiscale image representation. Moreover, IMTSBNS$(ot only does MLDA overcome the shortcomings of wavelets,
have efficient linear-time inference algorithms. but it also incorporates color information (unlike wave)et
Sky/ground segmentation offers importarntextual pri- satisfying the aforementioned requirements for the featur
ors to further segmentation and detection algorithms. In ogPac€- _ _ _ _ _
approach to object recognition, we exploit the ideavisual AN MLDA atomw is a piecewise constant function on either
contexts[6], where initial identification of the overall type Side Of a linear discriminant that intersects a square itioes
of scene facilitates recognition of specific objects/dtrres i @ndv;, as illustrated in Figure 3a. The discrimingnt, v;)
within the scene. Thus, objects (e.g., cars, buildingsg, tHvides the square into two regions characterizegpgndy,
locations where objects are detected (e.g., road, meadoff§ich represent the mean vectors of RGB pixel color values
and the category of locations (e.g., sky, ground) form for the t_wo regions. Decqmposmg t_he image mtq a number
taxonomic hierarchy. To account for different flight scéagy ©f dyadic squares and finding their corresponding MLDA
different sets of image classes should be defined accoydinGitPms, We obtain the MLDA dictionary over a finite range
Here again, we formulate object recognition as a supervisgglocations, orientations and scales, as shown in Figure 3b
learning problem, building IMTSBNs for an extended set MLDA image-feature extraction is performed by searching
of image classes. However, while MLDA is sufficient forhirough the MLDA dictionary for the atoms that best représen
reliable recognition of global regions, it yields poor riesu the analyzed image with respect to two competing criteria:
for smaller objects. Therefore, in the last stage of the(ﬂbjéj|scr|m|nat|ona_1nd p_arsnmonyWﬂh resp_ect to d|scr|m|nat|on,
recognition algorithm, once candidate object locatione af'€ Seek the directiofw;, v;), characterized by the maximum
detected using MLDA, we resort to an additional feature sefa@halanobis distance/ between two regions in a square,
namely, the Complex Wavelet Transform (CWT) [7] and HShere
color values. CWT and HSI coefficients form complete quad-(@i,@j) . J = max {(po—p1)T (So+21) " (po—p1)}, (1)

Fig. 2. Sample training images for the sky and ground classes

tree structures for which we then build tree-structuredebel i,v;)

networks (TSBNs) and ultimately perform supervised pixeind ¥, and ©; denote RGB covariance matrices of the two

labeling. regions. Note that the computational cost of an exhaustive
Our paper is organized as follows. In Section II, we defin

MLDA and motivate its applicability to our system. Next, Vi Y, / :\-. "™~

in Section 1ll, we show how MLDA naturally allows us \o(\)o—o X

to perform horizon detection. Then, in Section IV, presern X \o\c

the IMTSBN model and discuss its appropriateness for th U \ °\c

problem of sky/ground segmentation. The context-basestobj Vi \°\° X 1

recognition algorithm is explained in Section V. Finally, i @) (b)
Section VI, we demonstrate the performance of the proposed

o .. Fig. 3. (a) MLDA atom; (b) MLDA dyadic decomposition.
unified computer vision system.



Rl with a complete tree, the algorithm initially trims off larg
’ subtrees with many leaf nodes. As the tree becomes smaller,
the procedure tends to cut off fewer nodes at a time.

MLDA implicitly encodes information about spacial fre-

o_. '\ guencies in the image (i.e. texture) through the processef t
TN \ pruning. Furthermore, the MLDA tree can easily be examined
7)/“] s for spacial interrelationships of its linear discrimingnsuch
"l / as connectedness, collinearity and other properties ofesur
@) (b) in images. Therefore, the MLDA representation is appraeria

Fig. 4. (a) MLDA graph: the dashed line depicts the actuaveurb) fo_r_computer-wsmn tasks where both color and texture are
corresponding MLDA tree: ellipsoid nodes represent thé laDA atoms. critical features.

. . . [1l. HORIZON-DETECTION ALGORITHM
search over a finite set of linear discriminatt®;, v;)} can

be reduced by updating the relevant statistics only with the 1€ MLDA framework presents an efficient solution to the

pixel values of delta regions (areas between two Conseap_rlzon-detecnon_ problem, m_corporatlng our basuc agsum
tive candidate linear discriminants). As the size of sqﬂarﬁonS th_at the ho_rlzon_ can b(_e m_ter_polated by p|eceW|§eahne
decreases, we achieve better piece-wise linear apprdrima@PProximations (i.e., linear discriminants), and thattibezon

of boundaries between regions in the image, as illustratedSEParates the image into two homogeneous regions. Fiest, th
Figure 4. Thus, the analyzed image is decomposed into dyaMl:DA_'mage representatlon is found for the cost functiin
squares organized in the MLDA tr&&. The MLDA tree7 is &S deflngd by (2). T_he_preC|se _value]@ﬁs_ largely d_ependent
incomplete because atom generation stops at different scaf¥f3 the video transmission quality for a given ocation, Weat

for different locations in the image. The leaf nodesfostore conditions, etc. Then, linear discriminants are extradigd
the final MLDA image representation. exhaustively analyzing all possible directions, deteeditby

To control the generation of children dyadic squares, wefinite set of pointd’ along the perimeter of the image. Each

impose the second optimization criterion (i.e. parsimpmg) Par of points(v;,v;) € V defines a direction with a slope

a counter-balance to accuracy. We define the cost functiti @0ng which MLDA atoms are examined. df; coincides
R(T) to measure the parsimony 6, with the slope of an MLDA discriminant (within a predefined

margin), then that linear discriminant is extracted as & pfar
R(T) = Zr(w) +a|T] (2) the analyzed directioffv;, v,). Finally, among the candidate
_ . . sets of the extracted MLDA discriminants, we choose the
wherer (w;) is the inverse of the Mahalanobis distance comyection (3, 9,) for which the sum of Mahalanobis distances

puted for the corresponding leaf _nodeg, r(we) = 1/J, J, as computed in (1), is maximum.
7] denotesh the nu:nb_er of terminal r_10d|es ?jh aCnId 0:1 In benign flight video, the horizon-detection problem can
represents the comp exity cost per termlr_la_ node. Liearly, o adequately solved by computing only the root atom of the
_exhaustlve s_earch n tree_ space for the minimum cost fumCt'f\)/ILDA tree, where the linear discriminant of the root is the
'S computatl.on.ally. proh|b|t|\(/je. There_fore, we implement Bptimal solution for the horizon estimate, as illustratedig-
one-step optimization proceaure, as in [14]. . ure5; in fact, the work presented in [1], [2] is equivalenttits
Instead of stopping at different terminal nodes, we CORliNY o ia| case. There are, however, unfavorable image comsiit
the MLDA (_jeco_mposmon until all leaf squares are small 'gg.g., when the horizon is not a straight line and/or an image
S#e’l resulting in a Igrge_ treeh Then, fwe s_ele;tlvely pruf corrupted by video noise), when it is necessary to examine
this arge tre2e “P"]Y"J‘l'lr US'T]Q the cost unctllﬁm )r'] From . discriminants at finer MLDA scales. For example, in Figure 6,
expression .( ), it otlows t "’Tt we can regu ate the pruninge show that the discriminant of the root MLDA atom does not
process by increasing to obtain a finite sequence of subtreeginsige with the true horizon due to video noise. Expanding

with progressively fewer leaf nodes. First, for each noqﬁe MLDA tree corresponds to image filtering and leads to

w e T,’ we determinec, for_whlch the cost of a subtree more accurate positions for the linear discriminants, Wwhic
7T, is higher than the cost of its root node as follows:

R(T,) > R(w) = Y r(we) + | Tw| = r(w) + o - 1,

r(w) — Z T(’U}g) (3)
70| -1

Then, the whole subtre€,, under the nodew with the

minimum value ofw,, is cut off. This process is repeated until

the actual number of leaf nodes is equal to or less than the

desired number of leaf nodes. We note that the pruning psocéig-|5- (g\) F;riﬁinal imatge; (bt)hotptimizatti'on critlerioﬁt ﬁs :an:i?hn of bank

: H H H € and pIich percentage, that Is, vertices along then| Iro € Image,
described ?‘bove is computationally fast ajnd r_equwes On_ly(a(%gresulting classification of sky and ground pixels in RGBce.
small fraction of the total tree construction time. Stagtin

Optimization function J RGB color cube

f/’”{
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the computer vision literature clearly suggests that TSBNs
possess sufficient expressiveness for our goals. For oestan
in [15] TSBNs are employed for segmentation of man-made
structures in natural scene images and in [16] TSBNs are
used for multiscale document segmentation. Occasionally,
TSBNs give rise to blocky segmentations, which reflect the
(a) fixed-structure deficiency of TSBNs. Nevertheless, comide
Fig. 6. MLDA efficiently filters video noise: (a) noise degeatioriginal our stringent real-time constraints, the efficiency of TSBN
Porison: (3 MLDA atoms at fner scales a5 alues for the o posiion, IMETeNce algorithms outweighs this drawback. |
A tree-structured belief network (TSBN) is a generative
. 3 model comprising hidden and observable random variables
r r_‘-—-‘ , r’ﬁ (RVs) organized in a tree structufE. In supervised learn-
" ing problems, such as our formulation of the sky/ground
o | segmentation problem, an observable RVrepresents an
extracted feature vector (i.e., MLDA atom in our case) ara th
corresponding hidden RY identifies the image clasg, € C
@ (b) © of y. As is_ common fo_r TSBNSs, the edges betW(_aen the nodes,
' . . N representing:’s, describe Markovian dependencies across the
Fig. 7. Non-straight-line horizon: (a) original image; (th}e root MLDA , . .
atom with the discriminant not equal to the true horizon;Nit)DA atoms at scales, Wherea§5 are assumed mUtua"y mdependent given
finer scales as clues for the true horizon position. the corresponding’s, as depicted in Figure 8.

There are, however, substantial differences between our
then give more accurate evidence of the true horizon'simeat approach and the standard TSBN treatment in the graphical-
in the image. Also, in Figure 7, we show an example, whergodels literature (e.g., [15], [17]). First, our TSBN model
MLDA detects the true horizon more correctly, as compared e@rresponds one-to-one to the MLDA tree. Therefore, due
a single-line discriminant. Additional examples and visean to MLDA-tree pruning, leaf nodes of a TSBN may occur at
be found athttp://mil.ufl.edu/"nechyba/mav . coarser resolutions as well as at the pixel level, resuitirgn

Finally, to accomplish horizon tracking in a sequence dficomplete tree structure (see Fig. 8b). Second, we enlthace
flightimages, we conduct a full search with every frame,eathdescriptive component of TSBNs by incorporating obsemabl
than just a partial search in the neighborhood of the previoinformation at all levels of the TSBN model, not only at the
frame’s horizon estimate. An error in the horizon estimaiewest pixel level. Thus, to each MLDA atom in the MLDA
at time ¢, may permanently lock us into incorrect horizoriree, we assign a pair of observable R¢gy, y:1), modeling
estimation, with potentially catastrophic results, asdésed (o andu; RGB pixel color values. Clearly, the corresponding
in greater detail in [2]. pair of hidden RVs,(x;9,z;1), models the image classes of

o and uq. Third, Markovian dependencies among across
IV. SKY/GROUND SEGMENTATION scales model the relation that a parent MLDA atom generates

The horizon detection algorithm determines only the linur children MLDA atoms. Given that is a child of 7,
separating sky and ground regions, which proves sufficigptfollows that bothz;, and z;; have the same parenisy
for vision-based flight control under benign flight conditso andz;;, as illustrated in Figure 9a. Therefore, our statistical
[1], [2]. However, for complex mission scenarios, correghodel is not a tree in the strict sense of the word; however,
identification of the sky and ground regions, rather thqﬁairs (zi0,2:1), Vi € T, form a tree structure, allowing us
just the line separating them, takes on increased imp@tang use the belief-network formalism. To emphasize all the
To accomplish reliable sky/ground image segmentation, Végorementioned differences between our model and “stalfidar
resort to a Bayesian framework, choosing tree-structueéidfo TSBNs, we refer to our model as incomplete meta tree-
networks (TSBNs) as the underlying statistical models tructured belief networks (IMTSBN).
describe the sky and ground classes. There are severahseasoThe state of a node;;,, is conditioned on the state of its
for this choice of model. Successful sky/ground segmesmati
implies both accurate classification of large regions, af we
as distinct detection of the corresponding boundaries datw
them. To jointly achieve these competing goals, both large %2
and small scale neighborhoods should be analyzed; this ca .-
be achieved through the multiscale structure of TSBNs thal” /|,
naturally arises from our multiscale image representgiien /e
MLDA). Further, it is necessary to employ a powerful sta-

Fistical model that is able to account for enormous var:matio_ Fig. 8. Differences in TSBN models: (a) “standard” complatSBN:
in sky and ground appearances, due to video noise, lightifg), incomplete TSBN: leaf nodes (depicted black) may occurcaarser
weather, and landscape variability. Prior work presented fiesolutions due to MLDA-tree pruning.



fully characterize the likelihoods of image classes, gittes
pixel values. These likelihoods are then submitted to a Baye
Xio classifier to perform image segmentation.

(B V. OBJECTRECOGNITIONUSING VISUAL CONTEXTS
Yio

In our approach to object recognition, we seek to exploit
the idea ofvisual contextd6], and, thus, to incorporate the
Fig. 9. (a) Zoomed-in look at Fig. 8b: statistical dependemamong parent @lgorithms for flight stability and control (i.e., the MLDA-
and children nodes; (b) zoomed-in square from (a): obstevadre mutually based horizon detection and sky/ground segmentation)ainto
independent given the corresponding hidden RVs. unified framework. Having previously identified the overall

parents,z;,, and is given by conditional probability tablestyPe Of scene, we can then proceed to recognize specific
P %ij e T, ab € {0,1}, Vk,1 € C. It follows that objects/structures within the scene. Thus, objects (eays,

tﬁéalj’omt probability of all hidden RVSX — {x,,}, can be buildings), the locations where objects are detected, (@ad,
expressed as meadow), and the category of locations (e.g., sky, ground)
form a taxonomic hierarchy. There are several advantages to
P(X) = H H H Pi’;lab . (4) this type of approach. Contextual information helps disam-
i,j€T a,be{0,1} k,leC biguate the identity of objects despite the poverty of scene

We assume that the distribution of an observable Ry, detail (flight images). Second, visual contexts signifiant

depends solely on the node statg. Consequently, the joint reduce the search required to locate specific objects akistie
pdf of Y = {y;,} is expressed as obviating the need for an exhaustive search for objects over

. various scales and locations in the image. Finally, as diszul
PY|X) = H H H P(YialTia = k,05) , (5) in Section I, our low-dimensional image representatioveisy
i€T ac{0,1} keC resilient to video noise, yielding better object-detettiosults.
where p(yiq|zia = k,0F) is modeled as a mixture ob/ For each image in a video sequence, we first compute
Gaussians whose parameters are grouped?jr}\/\/e usua”y its MLDA representation and perform Categorization—that
simplify the notation asp(ya|zia = k,0%) = p(yialzia). 1S Sky/ground image segmentation. Then, we proceed with
For large M, the Gaussian-mixture density can approximatecalization—that is, recognition of global objects/stures
any probability density [18], in particular, the distribos of (€.9., road, forest) in the grouhdegion. Following the
image classes. In order to avoid the risk of overfitting thBayesian formulation, as explained in Section IV, to each
models, we assume thélts are equal for alf at the same scale. ground MLDA atom,w;, we assign a pair of observable RVs,
Finally, an IMTSBN is fully specified by the joint distribaih  (Yi0, yi1), which are fully specified by a pair of hidden RVs,
of X andY given by (x40, ;1) representing a predefined set of global objects that
may appear in flight images. To account for different flight
P(X,Y) = H H H p(yia|$ia)P£lab - (6) scenarios, different sets can be defined accordingly. U:i;ieg
i.J€T a,be{0,1} k,ileC prior knowledge of a MAV's whereabouts, we can reduce the
To learn the parameters of an IMTSBN, we iteratively maxiaumber of image classes, and, hence, computational complex
mize the conditional probability?( X |Y"), using a probabilistic ity as well as classification error. Clearly, our approach to
inference algorithm for TSBNSs, broadly known as Peaxksr  global-object recognition is reminiscent of building IMBNSs
message passing scheme [19], [20]. In the image-procesdiolg the sky and ground classes. Here, we extend the set
literature similar algorithms have been proposed [16]].[21of classesC, generalizing the meaning of classes to any
Essentially, all these algorithms perform belief propamatip  global-object appearance. Thus, the results from Sectibn |
and down the tree, where after a number of training cycles waee readily applicable. To learn all the model parameters,
obtain all the tree parameters necessary to compyfé|Y). we employ Pearl’s belief propagation together with the EM
Note that simultaneously with Pearl’s belief propagatime, algorithm. Note that, for labeling only ground's, we build
employ the EM algorithm [22] to learn the parameters of then IMTSBN of smaller dimensions than the image size and,
Gaussian mixture distributions. Since IMTSBNs have obserthus, achieve significant computational savings.
able RVs at all tree levels, the EM algorithm is performed Loss of image detail, when computing the mean values
at all scales. Moreover, Pearl's message passing schemefi®ILDA atoms, can hinder subsequent object recognition.
accommodated to surk messages over eight children nodegvhile MLDA proves sufficient for reliable identification of
for each parent when propagating upwards, and to accogidbal objects, it yields poor results for the recognitioh o
for m messages of two parents for each child node whemall objects. Therefore, in the next step of the algoritbonr,
propagating downwards (see Fig. 9a). Thus, the paramdtersntention is not to actually recognize and differentiatenszen
the prior models are learned through extensive trainingghvh particular objects, but rather to detect candidate looatio

can be performed off-life Once learned, the parameters

2Recognition of objects in the sky region is of lesser impmtato us;
1in this case, there are no real-time constraints for trginin however, if required, it can be easily incorporated into d@kgorithm.
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Fig. 10. The hierarchy of visual contexts conditions gradmeage interpretation: (a) &4 x 64 MAV-flight image; (b) MLDA image representation; (c)
categorization: sky/ground segmentation; (d) localozatirecognition of global objects; (e) detection of cantidabject locations; (f) car recognition using
CWT and HSI features.

where objects of interest might appear in the image. For thisgion, and final recognition of an artificial objezzr, though
task, it is necessary to resort to a more descriptive imathee algorithm performs simultaneous searches over a lagger
representation than merely andy; of MLDA atoms. Hence, of objects. Obviously, the proposed algorithm performsl wel
we examine spacial interrelationships of linear discremits despite video noise and the poverty of image detail in thétflig
among neighboring MLDA atoms, such as connectednessage.
collinearity, etc. In particular, if our goal is to detectificial
objects in the image then it seems reasonable to examine
the geometric regularities of the extracted edges. Thus)-sc At different times of the day, under various weather condi-
ning the identified ground region in the image, we analyZions, and for different landscapes, we have gathered tafurs
3 x 3 boxes of leaf-level MLDA atoms, checking whetheMAV-flight video. These images, organized into training and
neighboring linear discriminants are parallel, perpeuldic test data-sets, have been used in several sets of expesiment
or collinear, though the size of the analyzed window anghich we report below.
testing procedure could easily be tailored to other apfitina ~ First, the MLDA feature extraction and our horizon-
requirements. The examined image areas with the spadlgtection algorithm has been demonstrated to run at 30Hz on
frequency of the aforementioned geometric propertieserighan Athlon 2.4GHz PC with a down-sampled image resolution
than an application-dependent threshold are extractedras ®©f 64x64. For the testimages, representative samples of which
didate locations for object appearances. Note that teimirde illustrated in Figure 5-7, our horizon-detection aiion
MLDA atoms may occur at different scales of an MLDAcorrectly identifies the horizon in over 99.9% of cases.
tree, representing varying image areas, speeding up thialbve Second, for training IMTSBNSs for the sky and ground image
search. classes, we used two sets of 500 sky and ground training
To further examine the candidate object locations frojmages. We carefully chose the training sets to accountior t

the previous step. it becomes necessary to consider im normous variability within the two classes, as illustdaie
P P, y . gure 2. For each image, first the MLDA representation was

analygis tOOIS. other than MLDA. The_results of our eXtenSf'Vf%und and then the corresponding IMTSBN model was trained.
experimentation [8], [9], where various feature extrattior, . training time for 1000 images of both classes takes less

methods have been investigated, suggest that the Comq 40s on an 2.4GHz x86 processor. Correct segmentation

Wavelet Transform (CWT) [7] together with HSI COIOrfeatﬂr.etakes only 0.03s-0.07s, depending on the number of levels

getld trodbust and trellabb_le tOIbJeC:. recognition. Thgs’ .Tﬁvmﬁ;n the MLDA tree, for64x64 image resolution. Clearly, the
etected candidale object locations, we proceed With ey, inm runs faster for a small number of MLDA terminal

feature extraction pf. those particular image regions, .on |¥odes, but at the cost of increased segmentation error. Note
CWT and HSI coefficients form complete quad-tree StruCturﬁ§at while we are very close to meeting our 30Hz processing

for W.h'Ch we the_n build TSBNs,_S|m|Iaf Fo the procedu_rec\loaly it is not crucial for sky/ground segmentation, as long
explained in Section IV. The off-line training of TSBNSs is this segmentation is updated sufficiently often. In betwe

pe(rjfokrlrgle fd f(t)r a prle:defmetd set ?f |magetclfls?f§s (ovgr C.:Vgigmentation updates, horizon detection suffices for flight
an eatures). For instance, for remote traffic morigi stability and control. Having trained our sky and ground

a gI_oba] objectoad may induce a.set of obje_(:j{s:ar, cyc_llst, statistical models, we tested the segmentation algorithm o
traffic sign}. Consequently, for object recognition, we, in fach:“l
§

VI. RESULTS

consider only a small finite number of image classes, whi 00 flight images. For accuracy, we separated the test images
. yast 9 ' o three categories of 100 images each: (I) easy-toifjass
improves recognition results.

sky/ground appearances (e.g. clear blue sky over darkemblo
Following inference down the hierarchy of visual contextdand), (II) challenging images due to landscape variahilit

we gradually perform categorization, localization andegbj and (lll) noise-degraded images. In Figure 11, we illustrat

recognition, as demonstrated in Figure 10. For space reasamassification performance on representative test imagas f

we present only the recognition of a global objeokd, each category. To measure misclassification, we marked the

then, the detection of candidate object locations in theigro “correct” position of the horizon for each image by visual



TABLE Il
OBJECTRECOGNITIONRESULTS

category | category Il category Il
(20 objects) (38 objects) (20 objects)
CR|SI|CM|[CR|SI|CM|CR|SI|CM
16 2 2 31 | 3 4 11 2 7

TABLE Il
E: PERCENTAGE OF CORRECTLY CLASSIFIED PIXELS FORR OUTCOMES

category | | category Il | category Il
94% 91% 87%

the categorization and localization steps could be perédrm
only for images that occur at specified time intervals.

Similar to the sky/ground segmentation testing, we carried
out object recognition experiments on three categories of
test-sets of 20 images each, containing appearances of cars
cyclists and traffic signs, as illustrated in Figure 12 and
Figure 13. By visual inspection, we hand-labeled the pixels
belonging to objects for each test image. In Table Il, we
Fig. 11. Sky/ground segmentation of the three categorietesifimages: r_eport the recognlthn results of 20'.38’ and 20 Obje.CtS @ th
(top) mountain view (category I); (center) water surfaceered with broken fi'St, second and third category of images, respectivelg Th
patches of ice similar in appearance to the sky (categoryldfttom) noise- outcomes are organized into three groups: correctly rézedn
degraded MAV flight image (category IlI). objects (correct recognition — CR), detected object apyeas

with erroneous identification (swapped identity — Sl), and
inspection and then computed the percentage of erroneoustyletected object appearances (complete miss — CM). For the
classified pixels. In Table |, we summarize our segmentati@R group of outcomes, in Table Ill, we present the percentage
results. Averaging results seemed inappropriate, beaanige of correctly classified pixels for the three categories cdges.
a small number of test images in each category generated ¥ken considering the overall quality of recognition resuit
larger error percentages. is important to emphasize that we are dealing with relafivel

Third, object recognition tests have been carried out fgoor-quality images, not high-resolution, high-qualityaiges.
numerous types of objects, of which, for space reasons, Wwer example, the relatively larger error associated witte-ca
present only results for the following image classesad, gory Ill images is obviously due to video-noise degradation
car, cyclist, traffic sign For training TSBNs, we carefully
chose 100 MAV-flight images for each image class. After
experimenting with different image resolutions, we fouhdtt  In this paper, we presented a unified computer-vision system
reliable object recognition was achievable for resolwi@s for enabling intelligent MAV missions. We first developed
coarse a$4x64 pixels. With this resolution, the processingLDA as a feature extraction tool for subsequent image
time of the object-recognition procedure (i.e., sky/gmbseg- analysis. Next, we demonstrated MLDAS applicability to
mentation, road localization and car/cyclist/trafficrsiggcog- real-time horizon detection. Then, we explained the use of
nition), ranges from 1s to 4s on an Athlon 2.4GHz PQMTSBN statistical models in segmenting flight images into
depending on image complexity. Computing additional CW3ky and ground regions. We extended this basic framework
and HSI features for candidate object locations is the mdbtough the idea of visual contexts to detect and recognize
time consuming; therefore, we implement an optimizatiopbject/structure appearances. Finally, we presentedethdts
procedure that adaptively selects the optimal featureetub®f our extensive testing, which appear to validate our wisio
as discussed in [9]. Thus, for simple images, where only osgstem design choices. While testing to date has largely bee
candidate location is detected, and where only one featwlene on recorded flight images and video, we are currently
(e.g., wavelet coefficients oriented in the direction16f) is moving towards further closed-loop flight tests of the pregmb
used for pixel labeling, we achieve processing times of abatontextual vision system.
0.5s, which is sufficient for the purposes of moving-car or The work presented in this paper is but one part of our
cyclist tracking. Moreover, for a sequence of images in @jdeon-going research effort to develop intelligent and missio
capable MAVs. Together with other researchers, we are also
working on recovering 3D-scene structure of the ground from
MAV flight videos. Additionally, work is on-going in sensor
category T category 11| category Ti mtegratlon (g.g. GI_DS, IN_S) on our larger fllght platformd’(2
2% - 6% | 20 - 8% | 5% - 14% maximum dimension), flight vehicle modeling and charac-
terization, and advanced control algorithm developmerg. W

VIl. CONCLUSION

TABLE |
PERCENTAGE OF SKYGROUND MISCLASSIFIED PIXELS




@) (©

(d)

Fig. 12. The hierarchy of visual contexts conditions gradmage interpretation: (a) a category | image; (b) MLDA ineagpresentation; (c) categorization:
sky/ground segmentation; (d) localization: recognitidngtobal objects; (e) detection of candidate object loaatio(f) cyclist recognition using CWT and

HSI features.

(8]

El

[10]

(11]

[12]

[13]

[14]

[15]

[16]
Fig. 13. Simultaneous recognition of objects: (a) a catedbimage; (b)
MLDA image representation; (c) localization: recognitiofi global objects;

(d) detection of candidate object locations; (e) car andistycecognition [17]
using CWT and HSI features. Note that while the traffic sigrs Watected as

a candidate region, it was not recognized as such due to ladktail. (18]

19
expect that the totality of our efforts will eventually eab (9]

MAVs to not only fly in unobstructed environments, but alséo]

in complex 3D environments, such as urban settings. 21]
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