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SAR Image Labeling with Hierarchical Markov
Aspect Models

Dengxin Dai, Wen Yang, Bill Triggs

Abstract—Scene segmentation and semantic labeling are im- difficulties. Firstly, SAR imagery suffers from a noisedik

portant problems in SAR image interpretation. This paper pro- phenomenon known as speckle which imposes a significant
poses an efficient SAR imagery labeling method based on aspec |ipjtation on the measurement accuracy of resolution cell.

model which can be learnt from keywords-labeled training daa Theref th tracti f robust feat f
directly. Furthermore, a novel hierarchical Markov aspect model ereiore, the exwraction of robust appearance teatures 1o

(HMAM) is presented by building aspect model on quadtree. SAR Imagery is more difficult. Secondly, large-scale of SAR
HMAM outperform both aspect model and hierarchical MRFs image pose a higher efficiency requirement to labeling algo-
due to their complementary as aspect model use global relevee  rithm. The last but not the least, researchers unable tdatali
estimates while quadtree can further explore image context their ideas adequately because there is no a publicly &laila

and multi-scale cues. The experimental results on TerraSAK . ) . " .
dataset show that our labeling method is effective and effient, SAR imagery interpretation dataset and it is tastelessiamet t

and demonstrate that HMAM improve labeling performance Cconsuming to manually construct one’s own dataset.
significantly with only a modest increase in learning and inérence Statistical distribution models with the maximum likeldab

complexity than aspect model. classification methods are well known and widely used in
Index Terms—Synthetic Aperture radar(SAR),Image labeling, SAR image segmentation and classification. However, they
Hierarchical markov aspect model,Quadtree. are pixel-based methods which cannot handle the abundant

information of SAR imagery and usually produce a charac-
teristic and inconsistent salt-and-pepper labeling mao

works built their models on MRFs to involve spatial rela-

Over the last decade we have witnessed an explosion in m)‘?]ship, often with remarkable improvement. Venkataatal
_numberand throughput of a?rborne and spgceborne SAR i_m%g'al.[S] applied the wavelet-domain Hidden Markov Tree
ing sensors. At the same time, _advance in data trans_rmss PfMT) models as a reliable initial segmentation, and then
and store have made it increasingly possible to acquiré alifine the classification using a multiscale fusion techeiq
order SAR image data at a lower cost. The evergrowing largg, ot a1 (6] used a function-based parameter to weight the
volumes of SAR images place a heavy demand on prov'd'ﬂﬂo components in a MRFs model and produced accurate

an effective and efficient scene segmentation and Semf’“ﬂﬂfsupervised segmentation results for SAR sea ice images.

labeling algorithm for understanding SAR imagery, Whic@ang et al. [7] proposed a region-determined hierarchical

is aimed at partitioning a SAR image into their constitueRpe model for SAR image classification based on watershed
semhantlg-levelh_reglol?g agd”ass[gn tf;lpproprlatfe hCIaS;“;%elover—segmentation algorithm, and demonstrated betteitses
each region. This task is challenging because of the w than the pixel-based hierarchical MRFs model. Xia et al.[8]

“aperture problem’of local ambiguity [1]. For example, resented a precise segmentation of SAR images using Markov

homogenous dark region in SAR imagg maybe a piece _of_c Hhdom field model on region adjacency graph (MRF-RAG),
water, ra_darshadow, or road surface. Fig.1 Sh_OWS_tV‘_’O sigilay g 5 rapid clustering method for SAR image segmentation
df_;\rk regions. These two patches are not easily dls_tmgtliehawas further proposed in [9], which embedded a Markov
without using context cues. Actually, one of them is the radg, o field (MRF) model in the clustering space and used
.shad.ow owning to obscuration bY the buildings within th‘E;raph cuts for optimization. Li et al.[10] proposed to segine
illuminating radar beam, the other is water surface.Tolueso the SAR image based on the wavelet mixture heavy-tailed
this ambiguity, it is necessary to look at the patch withie thy,qe| angd the hidden-class-label MRFs. These work only
context of a larger image area surrounding it.Therefore, Wesaq their methods on small images and had not yet listed
need to integrate multi-scale context information to overe their quantitative results. Our goal is to design an eftectind

this local semantic ambiguity. efficient labeling algorithm which can handle the largelsca
Though considerable progresses have been made in natg;ég images.l g algon i g

image labeling recently [2][3][4], SAR imagery labeling is Aspect model such as PLSA [11] and LDA [12] are statis-

still in a relative low-level stage. Compared with naturgje, mogels that are well appropriate to this task which can
image labeling, SAR imagery labeling has several additiong, y,re thematic coherence (image-wide correlationsycand
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spatial extensions of PLSA, but multi-scale cues were not
considered. We develop a further extension, HMAM, based on
guadtree which can explore multi-scale cues, spatial estoer
and thematic coherence simultaneously. Our experimeedal r
sults show that HMAM outperform PLSA significantly in SAR
image labeling.

Our contributions are as follows. Firstly, an efficient SAR
imagery labeling method is proposed which avoids the labor-
intensive and time-consuming work to label every pixel in
SAR imagey for obtaining detailed pixel-level training aat
To our best knowledge, this is the first work that performs SAR
imagery labeling on keywords-labeled training data. Sdton
we propose a hierarchical Markov aspect model (HMAM) on
guadtree and apply it to SAR imagery labeling; Thirdly, we
build a TerraSAR-X imagery dataset with which practitianer
can evaluate their labeling algorithms quantitatively.

Fig. 1. Top: two ambiguous image patches and their histogrdnttom: The rest of the paper is organized as follows. Section Il
two images that contain the patches. Multi-scale cues amgjéncontext are  aviews aspect models and describes our labeling methods
helpful for labeling the patches. . . .

based on aspect model. Section Il illustrates Markov image
modeling on quadtree and demonstrates hierarchical Markov
; . aspect model. Section 1V is devoted to our dataset and exper-
-~ . : imental results, and we draw our conclusion in section V.

{Water, Building} ) Il. ASPECTMODEL AND IMAGE LABELING
#5 T : ' i In this section, firstly, aspect model, the foundation onclhi

our algorithm is built, is reviewed in some detail. Then, SAR
image labeling method based on aspect model is described.

A. Aspect Model

Aspect model such as PLSA and LDA are statistical tools
designed to analyze nature language from document caltecti
D ={di,...,dn} [11]. PLSA is a popular generative model
which introduces a set of latent variables € {z1,...,2x}
to explain data generation process. Each documgmwns
a specific mixing weightP(z;|d;) over latent variables and

rmland, Water .
5 e h J - each latent variable has a particular distributffw;|z;) over

! the V' words of dictionary.V is the total number of clusters
(words) obtained by clustering image features. Here, detum
is represented as a bag of words sampled from a document-
specific mixture of aspect model distribution:

K
P(wj|di) = P(wj|z) P(zk|di) 1)
Fig. 2. Two keywords-labeled training images and the cpoeding region =1

labelings inferred during learning. As a result the occurrence probability of document collec-

tion D is:
propose an efficient SAR imagery labeling method based on N V K
aspect model which can learn from keywords-labeled trginin P(D) =Y "P(d)> P(wjlz)P(zildi)  (2)
images (as shown in Fig. 2) directly. i=1 j=1 k=1

However, as a model proposed for document analysis, aspeathere P(d;) is used to denote the probability that a word
model has its own limitation on image labeling. Firstly, rdne occurrence will be observed in documetit LDA is the
are not apparent visual words in image. Researchers oftéayesian form of PLSA by adding a Dirichlet prior to the
obtain visual words by clustering the features extractedhfr mixing weights, which makes a significant improvement for
image patches at a single scale which leads to failure small documents but with heavy computational cost[13}[14]
capturing the instinct multi-scale cues in image. Morepvdn this paper, we adopt PLSA for computational efficiencye Th
aspect models assume that the labels of adjacent patchedeaming and inference for PLSA model can be completed by
independent, thus ignoring the strong correlations that &M algorithm [15]. For the limitation of space, readers are
found in real image. Verbeek and Triggs [13] developed tweferred to [11] for details.
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B. Image Labeling based on Aspect Model patches ofS x S pixels partitioned from original image and

Generally, it is difficult to process a whole scene SARNe coarse_r-resolution is consist of patches with doulde si _
imagery due to its huge size. Here, we treat a SAR image?y each side. .Each node on quadtre_e represent a patch in
as a document collectio® by partitioning it into hundreds iMage. ThusY is a stochastic process indexed by the nodes
of subimages and regarding each subimage as a docunffr® quadtree as shown in Fig.4, where the set of nodes in
d. From each subimage we extract non-overlapping patcH8g quadtrees is denotefl. The class label quadtre¥ is
on a grid, representing them by feature descriptors. ViSL_FéFPf'ned on the same multlresolutlon_Iattlce}és Ef_;lch level _
words are obtained through clustering the extracted im%@ethe quadtree corresponds to a different spatial reswiuti
features. Label inference performed at the patch level, bg¥€l, where the top level represents the coarsest levehd
the results are propagated to pixel level for visualizationl level L the .f|nest level. As usual in statistical .approachzes,
performance evaluation. We treat topics as scene catsgofi8dy are viewed as occurrences of random fielsandY’,

(e.g. building, water). Labeling procedure is to be divideynereY’ is the space of observe states alids the space of
into two stages: training and inference. In training stabe, €lass labels. As shown in Fig.4, any nodesxcept those at
topic specific distributior?(w|z) can be counted directly from the coarsest level has a unique parent nbde Conversely,
pixel-level training data if they are available. It also cam the set of the four children of any nodes denoteds™. The
learnt from the set of keywords-labeled training imageswsho Set of descendants &f including® itself, is denotedi(b).

as Fig.2. In this situation, we learR(w|z) from keywords-  The inference ofX is performed by an extension of Viterbi
labeled images simply by setting(z|d;) to zero for class algorithm [17]. This algorithm is noniterative and reqsiteo

k that is not emerged in the keywords list of documént passes on the tree. Now, we deduce the posterior marginal
So only the images that are labeled with a topic contribute f&(xs|y) for our patch-based quadtree. We yield the expression
learning its topic vector. The remaining(z|d;) has a non- of the patch posterior margind(xz,|y) as a function of the
negative and sum-to-one value. Section IV shows even sugpsterior marginal at parent node:

weak supervision allows good topic models to be learnt. In

inference stage, the topic specific distributiétiz|w, d**s?)

are computed. This is achieved by running EM in a similar _

way to learning stage, but now only the coefficief{g|d'**") Pasly) = Z Pl@sley-, y)P-]y)

are updated in each M-Step with the leafR{w|z) kept o

fixed. TheseP(z|w, d'*s!)are then used to label test images by = > P(sley- yaw) P(zo-|y) (3)
likelihood maximization. The pipeline of the labeling meth Ly—

is illustrated in Fig.3. We address the labeling method thase . Z P(xp, Ty yaw)) P(zy_ly)

on aspect model learnt from pixel-level training data as PAM N < Zmb, P(zy, vy |Yaw)) b= 1Y

and state the method learnt from keywords-labeled training

data as KAM. o ) _ )
This yields a top-down recursion provided that the posterio

I1l. HIERARCHICAL MARKOV ASPECTMODEL marginalP(zo|y) at the coarsest level, as well as probabilities
Image patches often cause ambiquity when onlv based Prg:vb, - [yap)) are made available. Because of the noncausal
ge b guity Y structure at the coarsest level of the patch-based model, we

local information. Fortunately, multi-scale cues and imagn- . . o . .
text can make it clear what these patches are. Thereforgeimf(;l)btaln posterior probabilitf’(zo|y) using LBP algorithm [19]

! . ; . . . at this level. Another part is obtained as :
labeling requires information coming from different scale
and contextual information. Aspect model ignore the spatia
structure of the image, modeling its patches independently _
a single scale. In this section, we first discuss Markov image Plo 2y-lyaw) = P@y-|zo) P(wolyaw) @
modeling and inference on patch-based quadtree. Then, the
definition of HMAM on patch-based quadtree is described in where the first factor is derived as:
detail.

A. Markov Image Modelling on patch-based Quadtree Play-lan) = Pxp|zy-)P(wy-)/ Plxe) ©)

To make it is feasible to define aspect model at multi-
scale, we employ quadiree image representation proposeWhereP(z;|z,-) is the pre-defined transaction probability,
in [16] with some modifications. First, our finest resolutio®nd P(z3) is computed by a simple top-down recursion:
cell is a pre-selected patch & x S pixels; Second, we
only adopt several levels of quadtree for image modeling.
We address this modified quadtree as patch-based quadtree P(zy) = Zp(xb|xb’)P(xb’) (6)
which is illustrated in Fig.4. Now, we introduce how we To-
model an image on this quadtree. The observed Hatare
a multiresolution representation of the observed image&revh P (2 |y,())in formula (4) is computed through a bottom-up
the finest resolution on quadtree is consist of non-oveitapp procedure:
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Fig. 3. Pipeline of SAR imagery labeling method based on espedel.
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P(xb|yaw)) o< P(xb, Yaew))
= P(yaw)lwe, wy )P (e [2p) P(as)
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Fig. 4. Quadtree structure and notations on the tree.
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ebt x
. . Then, we check whether the algorithm is convergent. We
B. Hierarchical Markov Aspect Model terminate the recursion if it is true, and turn to setp 2),
Inspired by the work of [18],we propose modeling the topic otherwise.
(aspect) of visual words in image as a hidden Markov Tree'Top-down and bottom-up inference procedure in HMAM

Spemflcally, we assume that neighboring patches are MA&ke knowing parent is farmland alter the conditional @istr
likely to hfa\ve _the same topics, parent are more likely t_alee tkBution of its children and vice versa. The posterior proligbi
same topic with their chllldren and vice versa. We build Nfiferred at the coarsest level introduce image contextetpl
patch-based quadtree with level for each subimage and and children who have the same parent also introduce image
extract features from the patch_e_s ateach sk:aléo,_l, N ‘_’L) context implicitly. Image labeling method based on HMAM
separately. Every scale-specific feature descriptor I9OVeCis gimiilar to the labeling method described in section Il
quantized intd” bins using centers learnt by k-means from th@\/e can perform image labeling task in that framework with
same scale of all the quadtrees. The model fitting of HMAM 1AM instead of aspect modeP (z|w, d'*!) are adopted
consist _O_f f_our_steps: _ . for visualization and performance quantification. We addre
1) Initialization: we run basic PLSA training/test proceelu i, labeling method based on HMAM learnt from pixel-level
at every scalé independently until convergence, thenyaining data as PHAM and take the method learnt from

record them as' (z|w, d). S keywords-labeled training data as KHAM.
2) Inference on quadtree: we ug¥(z|w,d) to initialize

P(y|xs, d) and then run quadtree inference. It is obvi-
ous that this substitution is reasonable. Heran aspect
model andz in Markov modeling both indicate scene This section demonstrates our dataset and analyze the
categories (e.g. building area, water area), ana@ndy performance (accuracy and speed) of the proposed labeling
both represent observed data in a particular subimagemethods on TerraSAR-X dataset in detail.

So, we have

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Datasets and Experimental Settings

P(zlw,d) = P'(xp|ys,d) . .
. Our experimental datasets are built on a whole scene
o P(wy, b, d) ®)  TerrasAR-X image 48189 x 25255 pixels) of Foshan in
o< Plyslay, d) central Guangdong province, China, acquired in 24/05/2008
(©Infoterra GmbH/DLR) at “stripmap’mode. The spatial res-
olution is about3 x 3m. The pixel-level ground truth is la-

which has the same structure with!(z|w,d). Then, beleq mgnually according to the corresponding (.)pFicaI |tem.0
we estimateP! (w|z) and P(z|d) from P, ., (z|w, d) sensing |maggry(SPOT5) and related gquraphm informatio
based on likelihood maximization, which are formulateff X€!s are assigned to four classes: building, woodlamd)-fa
as follows: land and water. Pixels we are not sure which class they should
belong to are labeled as “void . About 13% of the pixels are
N ;) P (calws dy) u_nlabeleq (“void”) in t_hg experimental _images.We ignordﬂvo
Pl(w;|z) = Mzizlz\? i Wi ) ap v \ 2k [Ws, i pixels during both training and evaluation. In our expenitse
' S > nt(diywim) Py pas (26w, di) the whole imagery is partitioned into 1800 subimages (docu-
€) ments) 0f960 x 960 pixels with 80 @~ x S) pixels overlapping.
The overlapping pixels can maintain Markov property over th
. Z;‘il nt(di,w;) Py pas (26ldi, w;) whole SAR imagery. These pixels are not taken into account
P'(z|d;) = i) (10) in performance evaluation and final illustration of labglin
. . ’ results. We partition the dataset into 400 subimages foritrg
4 Exp(_ectatmn step: we simply apply Bayes formula an d 1400 subimages for test, and report average results over
obtain, 10 random train-test partitions. The patch is labeled to the
z z class with which the posterior probability associated is th
Pl (zplds, wy) = P (wj|z) P (2kdi) (11) Maximum and its ground truth is taken to be the most frequent
Zﬁilpl(ijZc)Pl(zcldi) pixel label within it. The labeling results are evaluated at

3) Maximization step: firstly, we deliveP!, ,,(zs|ys, d)
, the inference results of step (2), ®},,,,(z|w,d)
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pixel-level by linearly interpolating the 4 adjacent patelel LABELING ACCURACIES OF -DrﬁEIEEElNT LABELING METHODS WITH
posteriors to pixels. DIFFERENT FEATURE$%)

Four widely used features for SAR image segmentation,
GLCM [20], Gabor filters [21], Gauss Markov random fields 3 = s = Z >
(GMRF) Texture [22] and histogram are employed in our g 7 o g = <
experiments. The features used here are implemented with th Feature =
following parameters. Histogram is used with 32 blns_. For o T T 03 T 34T 10
GLCM and GMRF we use the same parameters setting as Gabor 658 7111 695 749 | 735
[23]. Grey levels are quantized to 32, inter-pixel distasee GMRF 69.1| 748 | 745 | 78.7 | 77.6
to 1, and orientation set to 4. Four statistics are selected: Hist 703|827 | 81.0] 853 ] 841

trast, Entropy, Correlation, and Homogeneity. Gabor textu

descriptors are used with 6 scales and 8 orientations based

on an efficient implementation_named “simple (_Babor_ featufgore robust and informative, that is also why we focus
space’[24]. These four descriptors are quantized into 4@Qr attention mainly on patch-based representation in our
centers by K-means respectively. We $et= 20 to balance experiments. Another factor is that one semantic class may
the tradeoff between robust representation and pixel-leygyer several types of homogenous regions which are differe
labeling accuracy. Three pyramid levels are used (Le= 2). from each other explicitly in statistical characterizatidhe

More levels are tried, but with less further improvemente Thyighest accuracy arrives at 85.3% using PHAM with histogram
transition probabilities are features.

P(xy = jlay- =1) =« if i =35 12)
P(zy = jloy- =) = 37/% otherwise C. Discussions

1—1
where M is the number of classes. and we set= 0.9 This section analyzes and discusses some details of our

These parameters are set experimentally. labeling method. _ _ _

For performance evaluation of our labeling methods, two 1) Benefits of Aspect ModelThe first main conclusion
commonly used techniques, Maximum Likelihood(ML) androm TABLE I is that our labeling methods are all sllg.mflceyntl
support vector machine (SVM) [25] classifiers are also agtbptOUtPerform SVM. With the same pixel-level training data,
as benchmarks. As an implementation of SVM, we use thé&M €xceeds SVM in labeling accuracy at least more than
very public SVM package [26]. For fairly, the same traintte2-3% NO mgt'Fer what features to use. Althourg used keywords-
partitions and features are applied to SVM and it is perfarmé?Peled training data, KAM also outperforms SVM by 3.7.

with its optimal parameters selected experimentally. GammiNis iS mainly due to our methods take the advantages of

distribution has been widely used in SAR imagery modelin§SPect models which can capture thematic coherence (image-

Here, we take the conditional probability of pixel integsior wide correlations) and can resolve some cases of visual pol-

each class as a specific Gamma distribution which is used&MY- We may also benefit from bag-of-features (clustgring
label pixels by ML. techniques which can discover image primitives and reduce

noise effects at a certain degree.
o 2) Benefits of Incorporating Multi-scale Cues and Image

B. Qualitative results on TerraSAR-X dataset Context: The second main conclusion from TABLE | is that

Fig.5 demonstrates two labeling results (e&8h0 x 6400 HMAM is superior to aspect model at a single scale in image
pixels) of KHAM with the corresponding groud truth onlabeling. With the help of multi-scale cues and image cantex
TerraSAR-X images, while Fig.6 presents four group lalzelirPHAM increases labeling results by 3% for PAM, and KHAM
resutls on subimages using KAM and KHAM.The regions ialso increases labeling results by 3% for KAM. TABLE Il and
Fig.5 are obtained both by merging 88 subimages (overlgppihl indicate that multi-scale information and image coritare
pixels are ignored), and we can find that our method hasore important for building area, while provide less help fo
some mosiac effect which mainly because our patch-bagadnland, woodland and water regions. It is maily because
representation. There is also some incorrect labeling aowa different patches in farmland basically have the samessitzl
river regions, combining with some river detection teclusis| properties, and the same case in woodland and water area.
may alleviate this deficiency. Therefore, there is little complementary information begw

TABLE.l shows a comprehensive comparison on classificaeighboring patches in these scenes, and also the same case
tion accuracy using different classifier with differenttig@s. between parent and children. However, patches in building
Accuracy values in the table are computed as percentageacda may different from each other significantly. Hence,esom
image pixels assigned to the correct class label, ignorixgjp patches with high probabilities can disambiguate theiginei
labeled as void in the ground truth. Here, we not list thieors, parent, or children. All in all, multi-scale cues anthge
performance of ML classifier with gamma distribution, whicltontext are more useful in dealing with complex scenes6Fig.
obtains the worst accuracy in this experiment, it is onl\686. illustrates four groups of subimage labelings of KAM and
It is mainly due to two reasons. The first is pixel scatterindKAM, from which we can see the incorporation of multi-
intensity cannot be characterized accurately due to specktale cues and image context can really disambiguate some
noise. Comparatively speaking, patch-based representate patches.
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Fig. 5. TerraSAR-X image labeling results, the first colunhoves two regions (eacR800 x 6400 pixels), the second column illustrates the corresponding
ground truth, the last column is our labeling results of KHAM

TABLE Il

LABELING RESULTS OFKAM(%)

| Terrain Class] Building | Woodland [ Farmland | Water |

Building 84.6 6.5 4.4 45

Woodland 20.0 63.7 131 3.0

Farmland 8.0 6.6 83.4 2.0

Water 7.5 1.4 3.0 88.2
TABLE Il

LABELING RESULTS OFKHAM (%)

| Terrain Class| Building | Woodland [ Farmland | Water |

Building 89.4 3.3 3.9 3.3
Woodland 20.8 64.8 12.1 2.3
Farmland 8.2 4.7 83.8 3.4

Water 6.2 1.3 3.3 89.3

3) Benefits of learning from keywords-labeled datBhe
third main conclusion from TABLE | is that KAM and KHAM
can achieve comparative performance to PAM and PHAM re-
spectively, while the former only use keyword-labeledrtitag
data. It is a great merit for SAR imagery labeling, becauge it
expensive and labor-intensive to manually label each pixel
SAR images while it is convenient to obtain keywords-latlele
training data. This property ensure the generalizationwf o
methods to large-scale SAR imagery labeling.

4) Feature Selection and SpeeBrom TABLE I, we learn
that histogram is a simple but informative descriptor for
SAR imagery labeling. Texture-based features such as GLCM,
Gabor and GMRF achieve lower performance than histogram
in our experiments. Consequently, it is important to seleet
features that are most informative for separating lancecov
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Fig. 6. Subimages labeling results with KAM and KHAM, the firew shows four subimges3(0 x 800 pixels), the second and the third rows illustrate
their labeling results with KAM and KHAM,respectively, aride final row shows their ground truth.

. . TABLE IV
classes. We list the computing speed of our methods and the tganinG AND TEST SPEEDS OF DIFFERENT LABELING METHODS

benchmarks in TABLE IV. Currently, our unoptimized matlab

implementation runs on a 2.4-GHz Pentium-class machine [ Method | Training Time |  Test Time |
with 4G memory. TABLE IV also conclude that our methods S“('/';\A 15 sonfimade 28-81 :gg:mggg
are efficient both in training and test. Compared to PAM and PAM cimag ~01 Sec,imagge
KAM, PHAM and KHAM require more training and test time. KAM < 0.1 secfimage| <O0.1 sec/image
The increased expenses are directly proportiondl.to PHAM | <0.05 sec/imagel 0.3 sec/image

KHAM 0.3 sec/image 0.3 sec/image

5) Labeling as function of the proportion of training data:
We now consider how the performance of our labeling meth-
ods drop as the proportion of training data decreases. We
varied the proportion of training data versus the whole data
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of training data.

[12]

(training+test) from 0.1 to 0.9. PAM, KAM, PHAM, and 23]
KHAM have the very similar response. Here, for clarity, we
only illustrate the experimental results of KHAM in Fig.7 ew [14]
can conclude from Fig.7 that our labeling methods can aehiev
satisfactory performance even with small training dataset [15]

V. CONCLUSION [16]

We addressed the challenge of labeling a whole SAR
imagery, and proposed a solution by learning semanticesasg 7]
from training images that are labeled with image-level key-
words rather than with detailed pixel-level labeling. W8]
showed that aspect models (modeling each image as a mixture
of latent “aspect”) are appropriate to SAR imagery labeling9]
for its efficiency and effectiveness. We also extend aspect
model to hierarchical Markov aspect model to incorporajgy
multi-scale information of image. Experimental results on
TerraSAR-X SAR image show that our labeling methoigl]
achieves impressive labeling performance, and validate ou
hierarchical extension of aspect model. [22]
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