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Abstract

Object-based post-classification change detection meth-
ods are effective for very high resolution images, but their
effectiveness is limited by incomplete class hierarchy and
complex image object comparison. In this paper, a novel
Classification Likelihood Space (CLS) is proposed to syn-
thesize the effective object-based image analysis and easy-
to-implement post-classification comparison, serving as a
well tradeoff between performance and complexity. The
proposed algorithm is tested on a dataset which comprises
102 pairs of visible-band very high resolution real satellite
images, and a great improvement is observed over tradi-
tional post-classification comparison.

1. Introduction

Although very high resolution (VHR) remote sens-
ing images with only visible bands are publicly available
on open platforms such as Google Earth, detecting user-
specified object-level changes in them is still technically
challenging. This is partially caused by the difficulties in
auto interpretation of ambiguous user specifications on one
hand, and the hardship in discriminating different objects
with only visible bands on the other hand.

VHR image change detection (CD) methods are rough-
ly categorized as pre-classification methods and post-
classification methods [3]. For pre-classification method-
s, basic image features such as local descriptors [8, 14],
texture features [11] and morphological profiles [4, 6] are
used to capture intricate changes brought by increased spa-
tial definition. However, without special arrangement, basic
image features lacks the ability to comprehend the seman-
tic meaning of user interested changes [10]. This situation
is worse for visible-band images, where intra-class corre-
lations and inter-class differences between different objects
are more blurring.

Post-classification methods identify changes by compar-

ing classification maps produced by either unsupervised or
supervised classification methods, and the type of change
is clearly represented in form of ”from-to” class transition-
s. For VHR image classification, supervised methods us-
ing real-life classes are often preferred, since their clas-
sification results are more human interpretable and easi-
er to assess [12]. Another favored technique for robust
VHR image classification is the object based image anal-
ysis (OBIA) operated on image segments rather than pixels,
since extra spatial-contextual information is utilized [7]. E-
quipped with classification maps, post-classification com-
parison (PCC) performed at pixel or super-pixel level is
the simplest way to predict changes, but is prone to mis-
classification errors [9]. Therefore, the complex-to-define
and hard-to-assess image object comparison is adopted by
many post-classification CD methods for higher accuracy.
Furthermore, post-classification CD also faces the difficulty
in establishing a comprehensive class hierarchy to include
user-interested changes, but discussion on this issue is often
ignored in reports [13, 2].

To address these problems, a novel method based on the
effective OBIA and the simple PCC is proposed. Compared
with aforementioned methods, the novel method has the fol-
lowing advantages: 1) misclassification caused detection er-
rors can be greatly reduced without a complete class hierar-
chy; 2) high performance PCC can be conducted on OBIA
classification result without direct object comparisons.

2. Classification Likelihood Space

Detecting user-specified changes via post-classification
CD is hard. One reason is that categorization becomes con-
fusing when user specifications are supposed to be followed
strictly. For instance, a newly emerged cabin looks like a
bus might no longer be regarded as a valid house-related
change. Such implicit categorization alternation involves
both similarities and dissimilarities between different class-
es. Based on this assumption, categorization transition de-
gree calculated by using user provided classification and
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Figure 1: CLS calculation work flow. Step 1 and Step 2 are
normal OBIA procedures, the CLS is established in Step 3
with chessboard sampling paradigm.

change detection training samples is more appropriate for
measuring changes.

The image object comparison in OBIA based CD meth-
ods is complicated since it involves irregular object bound-
ary analyzing and spatially corresponding objects mapping
between images [9]. However, if classification maps from
OBIA are treated like image rasters, then computational
cost efficient CD can be performed on them as chessboard
sampling based image patch level PCC.

Motivated by this, a new change measure space called
classification likelihood space (CLS) is devised to synthe-
size OBIA and PCC for CD on VHR images. As is shown
in Figure 1, the establishment of CLS consists of 3 steps:
image segmentation, object-based image classification, and
chessboard sampling of classification likelihoods.

Image Segmentation: Image segmentation is vital for
creating context sensitive image objects and determining
the spatial precision of classification. Amongst the com-
monly used segmentation methods, the multi-resolution
segmentation algorithm embedded in eCognition software
is chosen in our study. This is a bottom up agglomerative
segmentation with adjustable parameters, suitable for ap-
propriate selection of scale based on visual examination.

Object Based Classification: This procedure serves

to create classification likelihood maps. Classification
likelihood can be represented as a 𝑛 dimensional vector
(𝑥𝑑1 , ..., 𝑥𝑑𝑛)𝑇 produced by common discriminative clas-
sifier such as support vector machine (SVM). Each of the 𝑛
dimensions corresponds to one class in the class hierarchy.
During classification, every image object gets a classifica-
tion likelihood, which is later assigned to every pixel within
that object. Thus for a multi-temporal pair of images with
size 𝐻 × 𝑊 , this results in a pair of 𝐻 × 𝑊 × 𝑛 matri-
ces, which are illustratively shown as colored classification
maps in the step 2 block of Figure 1.

Chessboard Sampling of Classification Likelihoods: Ac-
cording to the step 3 block of Figure 1, the gotten 𝐻×𝑊×𝑛
classification likelihood maps and the user labeled ground
truth mask are chessboard segmented by 𝐿 × 𝐿 sized non-
overlapping grids. For the pair of 𝐿×𝐿×𝑛 grids extracted
from classification likelihood maps, dimensions of the first
grid are represented as {𝑑𝑡11 , ..., 𝑑𝑡1𝑛 }, and those of the sec-
ond grid as {𝑑𝑡21 , ..., 𝑑𝑡2𝑛 }. All dimensions are then stacked
together to form a 𝐿 × 𝐿 × 2𝑛 grid, whose dimensions are
uniformly denoted as {𝑑1′, ..., 𝑑2𝑛′}. Finally, the likelihood
values of the stacked 𝐿 × 𝐿 × 2𝑛 grid is averaged at each
layer to form a 1× 2𝑛 vector (𝑥𝑑1

′
, ..., 𝑥𝑑2𝑛

′
), which is the

coordination in CLS. The change label of this data point is
determined by the number of changed pixels 𝑁𝑐 in the spa-
tially corresponding 𝐿×𝐿 grid in ground truth mask, which
is marked as change if more than 𝛼 ⋅ 𝐿2.

Broadly speaking, CLS is a general purpose space where
changes are measured by variations in soft likelihood val-
ues rather than crisp land use transitions. Compared with
spaces constructed by basic image features, change data in
CLS is more stable and locally condensed since each ax-
is corresponds to a real-life category. This is crucial for
detecting proportionally trivial object-level changes, mak-
ing them easier to be modeled by SVM-like discriminative
classifiers.

3. Classification Likelihood Space Analysis

Increasing local change data density makes them easi-
er to be captured by classifiers, and is an effective way to
improve overall CD accuracy. As the axes of CLS have se-
mantic meanings, local density of change data can be raised
by simple dimension selection.

Figures 2(a) and 2(b) are the scatter plots of change / no
change data under two different CLS three-dimension com-
binations. In them, change and no change data are shown
as red and blue points, and the densities of change data are
projected as 2D scatter plots on the three surrounding pan-
els. As we can see, change data shown in Figure 2(b) under
the second dimension combination is more condensed.

Besides dimension selection, clustering is another effec-
tive way to increase local density. Denote all data points in a
CLS subspace as 𝑆 ⊆ 𝑅𝐷, where 𝐷 represents the number
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Figure 2: Local change data condensing in CLS. (a) and
(b) are scatter plots of two different combinations of CLS
dimensions. (c) and (d) show the change of change data
convergence via flat clustering and hierarchical clustering.

of selected dimensions. 𝑆𝑖 represents the 𝑖th partition of the
𝐾 clusters with

∪𝐾
𝑖=1 𝑆𝑖 = 𝑆 and 𝑆𝑖 ∩ 𝑆𝑗 = ∅, 𝑖 ∕= 𝑗. The

change data in the 𝑖th partition 𝑆𝑖 is denoted as 𝑆𝐶
𝑖 . As a

reasonable measurement, the density of the local change da-
ta set 𝑆𝐶

𝑖 can be described by its data convergence, denoted
as 𝐶𝑣𝑔

(
𝑆𝐶
𝑖

)

𝐶𝑣𝑔
(
𝑆𝐶
𝑖

)
=

∑𝑁
𝑗=1

√∑𝐷
𝑙=1

(
𝑥𝑙
𝑗 − �̂�𝑙

)2
𝑁

(1)

In Equation 1, �̂� represents the weight center, 𝑥𝑙
𝑗 is the

𝑗th element in 𝑆𝐶
𝑖 , and 𝑁 represents the number of data

points in 𝑆𝐶
𝑖 . Thus the overall convergence of change data

can be calculated as ˆ𝐶𝑣𝑔 (𝑆) =
∑𝐾

𝑖=1 𝐶𝑣𝑔
(
𝑆𝐶
𝑖

)
/𝐾. As

shown by circle-marked curve in Figure 2(c), the overall
convergence of three dimensional change data is shrunk as
the number of clusters increases. Following the definition of
ˆ𝐶𝑣𝑔 (𝑆), the optimal number of clusters can be calculated

by solving the following equation

�̂� = argmin
𝐾

∑𝐾
𝑖=1 𝐶𝑣𝑔

(
𝑆𝐶
𝑖

)
𝐾

+ 𝜆 ⋅𝐾 (2)

Dimension selection can also be applied in each
cluster locally, that is to find the dimension combina-
tion {𝑑𝑘1

, ..., 𝑑𝑘𝐷
} ⊆ {𝑑1′, ..., 𝑑2𝑛′} with the minimal

𝐶𝑣𝑔
(
𝑆𝐶
𝑖

)
. As shown by the triangle-marked curve in Fig-

Figure 3: This figure shows a three level HDC-SVM classi-
fication process. Cluster 𝐴 at the top represents the whole
dataset, which is subsequently divided into sub-clusters via
hierarchical K-means.

ure 2(c), the overall convergence can be shrunk earlier. Con-
vergence optimization can be pushed further by using hier-
archical clustering. As is shown in Figure 2(d), where over-
all convergence decrement improves as the number of child
partitions and level of hierarchy increases.

Inspired by these observations, divide and conquer sup-
port vector machine (DC-SVM) [5] with its K-means clus-
tering substituted by hierarchical K-means is adopted for
change classification in the CLS. This results in a new al-
gorithm named hierarchical DC-SVM (HDC-SVM), which
is consisted of 3 components: optimal dimension selection,
K-means clustering, and local cluster evaluation.

1) Optimal Dimension Selection: Dimension selection
is conducted as choosing the first 𝐷 dimensions {𝑑′𝑖}𝐷 =
{𝑑′1, ..., 𝑑′𝐷}, 𝐷 ≤ 2𝑛 from the dimension set defined in
Equation 3. Being illustrated as the star-marked red bars in
Figure 3, these are the 𝐿 dimensions with the minimal one-
dimensional standard deviation, representing a simple way
to achieve the tightest overall change data convergence.{

𝑑′𝑖

∣∣∣∣𝑠𝑡𝑑
(
𝑆
𝐶(𝑑′

𝑘1
)

𝑖

)
≤ ... ≤ 𝑠𝑡𝑑

(
𝑆
𝐶(𝑑′

𝑘2𝑛
)

𝑖

)}
(3)

In addition, dimension selection is performed on any clus-
ters ready for splitting or classification, as the cluster 𝐴 in
Figure 3.

2) K-means Clustering: A standard K-means clustering
is performed, and number of clusters is determined by E-
quation 2. As being shown in Figure 3, the cluster 𝐴 at
level 1 is broken up into three sub-clusters 𝐵, 𝐶 and 𝐷.

3) Local Cluster Evaluation: For each partition gotten
from K-means clustering, an evaluation is carried out to de-
cide whether the data points in it should be classified: if
the change data convergence is lower than a threshold 𝜃,
this partition will be simply discarded, as the clusters 𝐵 in
Figure 3; if the change data convergence is higher than a
threshold 𝛽, or the maximal splitting level has been reached,
the data points are classified by SVM classifier, as the clus-
ter 𝐷; otherwise, return to step 1) for further division after
dimensions selection, as the cluster 𝐶.
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Figure 4: Classification and CD results. (a) and (b) are time 1 and time 2 images, (c) and (d) are their classification maps. (e)
is the ground truth. (f) and (g) are CD results from PCC with different class transition settings. (h), (i) and (j) are CD results
from CLS-based CD methods calculated via SVM, DC-SVM and HDC-SVM respectively.

4. Experiments

4.1. Data Description

To fully evaluate the effectiveness of CLS, a manual-
ly labeled dataset comprises 102 pairs of images is used.
These RGB-channel images contain only visible bands, and
are screen captured from 55 different scenarios in Limo-
ges, France from Google Earth on dates September 5𝑡ℎ,
2004, August 8𝑡ℎ, 2012 and April 14𝑡ℎ, 2014. Images are
in uniform size 1517 × 768 with spatial definition around
1.2 m/pixel, all being registered beforehand. In our study,
changes happen on three types of objects: large residen-
tial buildings; smaller man-made facilities such as cabins,
small warehouses, containers, swimming pools and ponds;
noticeable vehicles such as cars and buses. Ground truth of
changes are labeled at the object-level occupies only 2.45%
total data amount, Figure 4(e) is a typical example.

4.2. Experimental Settings

As to show the advantage of CLS based CD, the class hi-
erarchy is made incomplete comparing to the change types
being mentioned. Moreover, the image features for classifi-
cation are basic, with only mean spectral value, max spec-
tral difference and standard deviation. There are six class-
es in the class hierarchy, shown in Step 2 block of Figure
1: Bare Ground, Concrete Built Ups, Green Trees, Green
Grass, Others and Shadow. Image objects are extracted by
the multi-resolution segmentation algorithm in eCognition
at scale of 10 with shapeness 0.3 compactness 0.5. 5441 im-
age objects selected from 3 images are used as classification
training samples, and 16 change masks related to 14 scenes
are used as CD training samples. For comparison, the fol-
lowing five CD methods are inspected, all use chessboard
image sampling theme with grid size 5× 5:

1) PCC-1: Direct post-classification comparison (PCC).
Changes are class transitions between {Concrete Built Ups,

Method ACC RC OA Kappa

PCC-1 10.49% 59.93% 87.95% 0.1417
PCC-2 9.397% 72.48% 84.06% 0.1285

SVM 59.64% 54.92% 98.40% 0.5375
DC-SVM 68.38% 55.54% 98.49% 0.5739
HDC-SVM 67.60% 57.31% 98.43% 0.5827

Table 1: Performance Comparisons

Others} and {Bare Ground, Green Trees, Green Grass}.
2) PCC-2: Direct PCC as PCC-1, but the transition be-

tween {Concrete Built Ups} and {Others} is added.
3) SVM: CLS based CD. The RBF-kernel SVM classifier

is used, cost is 0.841, gamma is 6.727.
4) DC-SVM: CLS based CD. RBF-kernel DC-SVM is

used, the number of cluster 𝐾 is set to 20, with cost 20 and
gamma 40.

5) HDC-SVM: CLS based CD. For implementation and
analysis simplicity, several parameters are made fixed.
Three hierarchies are used, with number of clusters (20, 5,
5), costs (25, 40, 50), gammas (5, 20, 20). Dividing thresh-
olds 𝜃 and 𝛽 are set to 0.1𝑠 and 5𝑠, where 𝑠 is the global
change data convergence.

4.3. Results Analysis

CD results of the algorithms are compared using accura-
cy (ACC), recall rate (RC), overall accuracy (OA) and Kap-
pa coefficient (Kappa) [1] and listed in Table 1. Some of
them are not as good as similar studies [7, 8, 11] since a
bigger and more versatile dataset is used. Figures 4(a) and
4(b) are a pair of typical sceneries containing all three type-
s of changes, their classification maps are Figures 4(c) and
4(d). From them, the weaknesses of classification can be
clearly observed, in which regions 𝐴, 𝐵 and 𝐶 are misclas-
sified. Figures 4(f) and 4(g) are CD results from PCC-1 and
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PCC-2. Although different in definition of transitions, mis-
classified regions 𝐴, 𝐵 and 𝐶 in Figure. 4(c) are propagated
as false alarms 𝐹 , 𝐺, 𝐻 in both results. In contrast, these
errors are rectified in results given by CLS-based method-
s, as shown in Figures 4(h), 4(i) and 4(j). Such advantage
is attributed to the well-behaved change data distribution in
the continuous CLS. Objectively speaking, the misclassifi-
cation resistance of CLS-based CD has a limitation, in that
rarely occurred instances sparsely distributed in CLS can be
missed by classifiers. For example, the change on up-right
soil-colored house marked by 𝐸 in Figure. 4(a) is missed in
outputs from all CLS-based methods. Generally, as shown
in Table 1, CLS based CD methods outperform PCC meth-
ods on all performance indexes except the recall rate. This
decline in recall rate is mainly caused by the limited spa-
tial resolution of chessboard sampling of likelihoods, which
causes missed alarms on small changed regions as those en-
closed by ellipse 𝐷 in Figure. 4(e).

With the help of clustering in DC-SVM and HDC-SVM,
CD accuracy is further raised from 59% to around 68%
comparing with SVM. The recall rates of DC-SVM and
HDC-SVM are also improved by the divide and conquer-
er paradigm, since local cluster classification boundary can
be optimized by using more training data in down sampling.
Interestingly however, the accuracy and overall accuracy of
HDC-SVM are slightly lower than DC-SVM. This is the
consequence of over-fitting in hierarchically splitted small
clusters. But in return, the HDC-SVM’s recall rate and over-
all performance indicator Kappa coefficient are the highest
within the three CLS-based CD methods, marked by bold
font in Table 1. These improvements can also be visually
observed in Figure. 4(j), where a building block marked by
𝐼 is detected by HDC-SVM but missed by DC-SVM.

5. Conclusion

A novel post-classification CD algorithm is proposed to
detect user-specified object-level changes in visible-band
VHR images. The CD is conducted by using HDC-SVM in
an innovative change measurement space named CLS. The
adoption of CLS involves a simultaneous utilization of clas-
sification and change detection training samples, helping to
reduce the ambiguity in user-defined changes and raise de-
tection accuracy. Compared to direct PCC, the proposed al-
gorithm shows great improvement. Future work will focus
on improving the spatial sampling resolution of classifica-
tion likelihoods and solving the imbalanced training sample
problem for proportionally rare change data.
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