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ABSTRACT

In order to detect the objects of interest, many different

approaches have been proposed. One kind of popular ap-

proaches are based on template matching, which use a tem-

plate of the object class to match the image at different posi-

tions. The matching can be computed using similarity mea-

sures such as the correlation coefficient. These approaches,

although easy and robust, has the limitation of not containing

to much variability of the object class, especially for shape

information. Despite the statistical variation in each kind of

object, collecting enough training samples is another problem

which is time consuming. Inspire by template matching and

incremental learning, a new object-oriented object detection

methodology for very high resolution remote sensing images

is proposed in this paper. We obtain the first initial query re-

sults via the bag-of-visual-words method. Then we introduce

two query expansion baseline expansion and PAS expansion

to obtain a new incremental model for re-query. In the exper-

iment part, we compare and evaluate the performance of our

proposed methods.

Index Terms— Object detection, VHR, Query expansion,

PAS

1. INTRODUCTION

The very high resolution(VHR) satellite images provide abun-

dant information to researchers. And it became possible to

detect different kinds of man-made or natural objects with

the advent of the VHR satellite imagery i.e. Ikonos and

Quickbird [1]. Extracting man-made objects in VHR satellite

images may help researchers in various aspects, such as auto-

matic map making and marking. Therefore, there requires ro-

bust detection techniques for man-made objects. Many VHR

satellite and aerial images object-based detection methods

have been introduced. Y.Li et al. [1] used a fuzzy segmenta-

tion method to extract manmade objects from high resolution

satellite imagery. Mueller et al. [2] proposed an edge and

region-based segmentation technique for extraction of large,

man-made objects in high-resolution satellite imagery. Jin et

al. [3] combined structural, contextual, and spectral informa-

tion to detect buildings in urban area. Benediktsson et al. [4]

used mathematical morphological operations to extract struc-

tural information to detect the urban area in satellite images.

Sirmacek and Unsalan [5] associated scale-invariant feature

transform (SIFT) with graph theory to detect urban areas and

buildings in grayscale Ikonos images. Besides, they used Ga-

bor filters to extract spatial building characteristics (such as

edges and corners) in different orientations in [6]. Michel et

al. [7] incorporated multi-scale segmentation and spatial rea-

soning graphs for object detection in remote sensing images.

Most exiting detection methods are based on constructing

statistical models from VHR image. However, current meth-

ods are hard to satisfy the VHR image detection requirements

in accuracy and efficiency. Despite the statistical variation

in each kind of object, collecting enough training samples is

another problem which is time consuming.

To address these problems, we propose a statistical incre-

mental method for VHR image object detection. Rather than

simply constructing the model from few training set or query

images, we incrementally enrich it with the additional infor-

mation from the testing image by using ideas from incremen-

tal learning. We start by getting a quick initial query by using

bag-of-visual-words [8] [9]. This initial detection results may

contain inaccuracy results. To get a refined or incremental

results, we apply query expansion to refine the model from

the initial results. Two query expansion strategies have been

introduced which depends on the VHR image information.

Among the two expansions, we construct the shape model

by PAS (Pair of Adjacent Segments) [10] which is a robust

shape descriptor proposed recently. After the query expan-

sion, we can construct object models for detection. In this

paper, we proposed a robust and efficient object detection

method for VHR image which only need few training or query

samples.

The proposed framework has been tested for high spa-

tial resolution images from commercial satellites, such as

QuickBird. The paper is structured as follows. Section

2 presents the general object detection scheme (Section

2.1)and two query expansion schemes (Section 2.2). Sec-

tion 3 presents the experimental results for detection includ-

ing evaluation(Section 3.1) and performance(Section 3.2).

Finally, conclusions are outlined in Section 4.
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2. METHOLOGY

Given one or few query images of an object, our objective is to

retrieve the same kind of instances in a VHR satellite image.

Rather than using the the query image to model the object,

we using an incremental learning to get more information and

refine our model from the test image. Hence, we need to get

the effective information and abandon the useless ones.

2.1. Object detection

We first apply a bag-of-visual-words retrieval to get initial

search results:

Segmentation Image patches are extracted at different

scales compared with the query image using sliding-window.

We use a sliding-window with the size of query image to seg-

ment the test image into small patches. Besides, we obtain

patches of different scales using window with 0.5 and 1.5

times of the size of query image.

Feature extraction For each patch, a set of local regions

which are stable and affine invariant over different scales

are extracted using the MSER(maximally stable extremal

regions, [11]) detector. In addition, for each of these affine

regions, we compute a 128-dimensional SIFT descriptor [12].

Quantization A visual vocabulary is constructed using

clustering algorithm i.e. k-means. Each visual descriptor

is assigned, via nearest neighbor search, to a single cluster

center, which giving a standard bag-of-visual-words model.

These quantized visual features are then used to index the

patches for the search. Hence, each patch is described by a

sparse vector.

Search The query image and each patch from the test im-

ages is represented as a sparse vector of term (visual word)

occurrences and search then proceeds by calculating the sim-

ilarity between the query vector and each patch vector. We

use the standard tf -idf weighting scheme [13], which down-

weights the contribution that commonly occurring to the rel-

evance score. Sort the patches by the similarity as the first

query result.

Although simple, the initial query results from previous

step may not accurate due to the noisy and variation within

each image patch. In addition, the bag-of-visual-word have

ignored the spatial configurations between features. There-

fore, we explore query expansion from the initial results.

2.2. Query expansion

In this section we describe several methods for computing

new models as query expansion. Each method starts by evalu-

ating the original query Q0. A new model is then constructed

from the verified images returned from Q0, and new query Q1

is given from this model.

Query expansion baseline: This method is a straight for-

ward naive application of query expansion which has been

used in text-retrieval. Take the top m results from the origi-

nal query Q0, average the term-frequency vectors computed

from the entire result patches and re-query once. The new

query could be represent as:

davg =
1

m

m∑

i=1

di (1)

where di is the normalized tf vector of the i-th result. The

new query results of Q1 are appended to initial results(the top

m).

Shape expansion: We first take query image and the top

m images from the original query Q0 as training images.

Then we extract edges with the excellent Berkeley edge de-

tector and to chain them. The extracted PAS (Pair of Adjacent

Segments) features is given in figure 1. The PAS dissimilarity

measure is given in Equation (2) which is used to form a PAS

codebook.

D(dp, dq) = wr||rp−rq||+wθ

2∑

i=1

Dθ(θ
p
i , θ

q
i )+

2∑

i=1

|log(lpi , lqi )|
(2)

Here the d is the PAS descriptor d = (θ1, θ2, l1, l2, r) which

encodes the shape of the PAS, by the segments orientations

θ1, θ2, lengths l1, l2, and the relative location vector r, going

from the center of the first segment to the center of the sec-

ond. The weights wr,wθ are fixed to the same values (wr = 4,

wθ = 2). We then determine model parts as PAS frequently

reoccurring with similar locations, scales, and shapes(with the

help of codebook). An initial shape is assembled by selecting

a particular PAS for each model part from the training exam-

ples. To learn a shape model, we we iteratively matching the

initial model back onto the training images. This model is

used to re-query once.

Fig. 1. Example of PAS.

The shape model we chosen has several attractive proper-

ties. First of all, we build an explicit shape model formed

by continuous connected curves. This allows us to model

explicitly different objects by unified representation in the

VHR satellite images. The learning method avoids the pair-

wise image matching used in previous approaches [14] [15],

therefore can computationally cheaper and robuster to clut-

ter edges. Moreover, we model intra-class deformations and

enforce them at test time, which is adaptive to the different
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size and deformation of object in remote sensing images. We

show the main processes of our method in Figure 2.

(a) Query expansion baseline.

(b) Shape expansion.

Fig. 2. Process of the expansions.

3. EXPERIMENT

The proposed query expansion algorithm has been tested on

two types of high-resolution satellite images, including 0.6

m QuickBird and 0.5 m Geoeye-1 image data (see Figure 3).

Each time we give two images as query images and the results

are the average of twenty trails.

(a) Quickbird (b) Geoeye-1

Fig. 3. The test images.

3.1. Quantitative Evaluation

For quantitative evaluation, we manually label the objects ap-

pearing in all testing images as ground truth, the total num-

ber of which is NP . The correct detections are added to

true positives(TP ), and so spurious detections of the same

object are counted as false positives(FP ). The recall pre-

cision curve is also used to plot the tradeoff between recall

and precision, where Recall = TP/NP , and Precision =
TP/(TP + FP ). The area under the recall and precision

curve takes the whole curve into account and so gives a bet-

ter measure for comparison purpose. The results is given in

Table 1.

(a) plane test results (b) ship test results

(c) stadium test results

Fig. 4. Experimental results of different test objects.
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3.2. Performance

The different object detection results have been shown in the

Figure 4. Even in some tough cases such as objects rotated in

different angels, boundary regions being blurred with back-

ground noises, we observe that our method can achieve good

performance. The different query expansion quantitative re-

sults have been shown in the Table 1.

Recall % Original Query Expansion Baseline Shape Expansion

airplanes 74.5% 85.0% 93.2%
ships 71.7% 82.5% 94.4%

submarines 69.8% 77.5% 85.6%
stadiums 78.6% 87.5% 88.4%

Table 1. Target detection results by our methods.

4. CONCLUSION

To conclude, a new method for VHR target detection is pre-

sented. With the additional information from initial result, we

form a more robust model for query target. Since this method

merely uses a target query image without any other informa-

tion, it exhibits reliable results for different target detection.

In the future, we plan to incorporate more complex incremen-

tal learning algorithms in our work. We also plan to test graph

based methods for object detection.
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