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TABLE VIII

PROCESSING TIMES OF DIFFERENT AL STRATEGIES (SECONDS)
WHEN ACHIEVING FIXED ITERATIONS

Fig. 17. Classification image with two classes (distinguished by black and
white colors).

indicate that calculating the window size for each sample does
not costing much time. Comparing ARL and ARL + Spa2,
we can see that the processing times of two processing ways
are close. Thus, the processing time of running new uncertain
criterion is short. And we can find that ARL + spa2 needs less
iterations. And corresponding processing time to get satisfied
accuracy is least compared with other strategies in Table VII.

D. Performance of the Adaptive Multiwindow
(Multiscale) ARL Model

ARL enhances the performance of the classifier by consider-
ing the spatial arrangement of the labels. However, the window
size is the most influential parameter in the relearning model.
In this regard, we further propose an adaptive multiwin-
dow (multiscale) ARL model, which was validated by the
experiment.

1) Simulation Experiments: Simulation experiments were
conducted with a classification map with two classes, in order
to allow us to intuitively analyze the results.

Fig. 17 shows a classification map consisting of a black class
and a white class, where the black class shows rich structural
information and the white class consists of a homogeneous
patch, but with two outliers. This example demonstrates a
typical challenge for sizei to generate the PCM feature. On the
one hand, the spatial structure information and class separa-
bility should be well preserved, and in this case, the PCM
feature generated by a small sizei would be more suitable.
On the other hand, the noise and outliers should be removed
to correct the wrong classification, so a larger sizei would be
more suitable in this circumstance to smooth the area. Thus,
a simple and intuitive classification map was used to validate
the superiority of the proposed adaptive relearning model.

We compared the PCM features generated by the mul-
tisize window and fixed size window. The PCM feature
consists of three bands. In particular, band1 includes the
spatial arrangement of a class2–class2 pair, band2 represents a
class1–class2 pair, and band3 represents a class1–class1 pair.
We represent the PCM feature visually in Fig. 18.

Fig. 18. PCM feature map generated by a fixed window size and the
multisize window process (R: band1, G: band2, and B: band3). (a) sizei = 3.
(b) sizei = 5. (c) Multisize window process. (d) sizei for each pixel.

Fig. 19. Separability between the two classes when different window sizes
are used to generate the PCM feature. (a) ROI. (b) Sizei = 3 (dis = 0.4643).
(c) Sizei = 5 (dis = 0.1435). (d) Multiwindow (dis = 0.4601).

Fig. 20. Learning curves obtained using different window sizes for the Pavia
University data set.

First, we present the denoising effects of the PCM feature.
As shown in Fig. 18(a), when sizei is set as 3, the two
outliers are still apparent. As shown in Fig. 18(b), when sizei

is set as 5, the outliers can be removed; however, the border
between the two classes is obscured. As shown in Fig. 18(c),
the multiwindowsize PCM feature can not only preserve the
border between the two classes but also remove the outliers
in the classification map. Fig. 18(c) represents the window
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Fig. 21. Classification maps for the relearning algorithms with different window sizes for the Pavia University data set. (a) Raw. (b) Sizei = 3. (c) Sizei = 5.
(d) Sizei = 7. (e) Sizei = 9. (f) Sizei = 11. (g) Multiwindow. (h) SizeImage (H = 0.7). (k) Quantitative comparison.

size used for each pixel. Clearly, sizei = 3 and sizei = 5 are
suitable for the border between two classes, and sizei = 7 is
suited to the homogeneous regions.

To further investigate the separability between the two
classes with the PCM feature, we selected border regions
[the red and blue regions in Fig. 19(a)] between the two
classes as the ROIs. As shown in Fig. 19(c), when sizei = 5,
the PCM features of the blue regin on and the red region
are seriously confused. As shown in Fig. 19(b) and (d), when
sizei = 3 and the multiwindow process is used, the PCM
features of the blue region and the red region can be well
separated. This intuitive performance can also be proved by
numerical calculation. We calculated the Euclidean distance
between the mean vectors of the two classes. When sizei = 3,
the Euclidean distance is 0.4696, which is close to the distance
under the case when the multiwindow process is used. When
sizei = 5, the Euclidean distance is 0.1375, which is clearly
smaller than the cases above.

2) Real Data Experiments With the Adaptive Multiwindow
(Multiscale) Window ARL: This section describes the real
data experiments undertaken with the adaptive multiwindow
ARL model. Two typical high-resolution images were used to
validate the effectiveness of the adaptive multiwindow ARL
model.

The SMLR classifier was used for the Pavia University data
set and BT-Spa2-ECBD was used as the uncertainty criterion.

Meanwhile, the SVM classifier was used for the WorldView-
2 Hainan data set and MCLU-Spa2-ECBD was used as the
uncertainty criterion. We compared the adaptive multiwindow
ARL model with different fixed window sizes (sizei = 3, 5,
7, 9, 11, and 17). For the adaptive multiwindow ARL model,
parameter H was experimentally set as 0.7 for each iteration.
We discuss below the influence of H on the experimental
results.

For both data sets, starting from five samples per class
and adding 10 samples at each iteration, the ARL algorithm
was run until the learning sample set achieved full accuracy.
To show a more detailed comparison for each data set, we also
present the classification map in the 30th iteration for both data
sets.

For the Pavia University data set, as shown in Fig. 20,
the learning curves of the adaptive multiwindow ARL present
a faster convergence rate than the fixed window size cases.
In particular, when a larger window size is used, the model
shows a smoothing effect on the classification map. However,
when the window size is increased to 17, the performance of
ARL decreases.

A visual comparison of the classification maps is shown
in Fig. 21. The raw classification map shown in Fig. 21(a) was
generated by 345 samples in the 10th iteration. Fig. 21(b)–(f)
shows the classification maps generated by the relearning
process. When a smaller window size is used, there is still
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Fig. 22. Classification maps for the relearning algorithms with different window sizes for the WorldView-2 Hainan data set. (a) Original image. (b) Raw.
(c) Sizei = 3. (d) Sizei = 5. (e) Sizei = 7. (f) Sizei = 9. (g) Sizei = 11. (h) Multiwindow. (i) SizeImage. (k) Quantitative comparison.

extensive noise in the classification map. However, when a
larger window size is used, some detailed information disap-
pears. As shown in Fig. 21(g), since the proposed adaptive
relearning model can effectively determine the window size
for each pixel, it can give a more satisfactory classification
map, with less noise and richer ground detail. The sensitivity
of parameter H in the adaptive multiwindow ARL model
was also investigated, and is shown in Fig. 21(k). By setting
different values of H from 0.55 to 0.95, it can be seen that
the accuracy of the adaptive multiwindow ARL model is
consistently higher than the accuracy of the fixed window size.

Considering the WorldView Hainan data set, as shown
in Fig. 22, the classification maps produced by the adaptive
multiwindow ARL model can not only preserve the detailed
structures of the objects but also increase the separability
between classes, and hence improve the classification accu-
racy. To show the details in the image, three rectangles are
marked on the images. In the rectangle in the top of the image
in Fig.22(a), two small paths stretch onto the grass. In the
rectangle in the right of the image, there is a narrow green
belt in the middle of the road. Meanwhile, in the rectangle
in the left of the image, the shadow class is misclassified
as the water class on the raw classification map. From the
results shown in Fig. 22(b)–(g), the detailed information is still
obvious when the window size is smaller than 7. When the
window size is larger than 7, the road and the green belt are not
very clear on the classification map, but the misclassification
phenomenon between the water and shadow classes is reduced.
However, when the adaptive multiwindow ARL model is
used, the green belt and the two small paths are still clear,
and the misclassification is reduced. From this performance,
we can conclude that the adaptive multiwindow ARL model
can obtain a smoother and more accurate classification map
than when a fixed window size is used. As shown in Fig. 22(h),
it can be seen that the accuracy of the adaptive multiwindow
ARL model is consistently higher than the accuracy of the
fixed window size.

Considering the Worldview Hainan data set, as shown
in Fig. 23, the performance of multisize ARL is better than the
model with fixed window size. When the fixed window size is
getting larger, the overall accuracy is getting higher. However,

Fig. 23. Learning curves of the relearning algorithm with different window
sizes for the WorldView-2 Hainan data set.

when the window size was approaching 13, the accuracy began
to decrease.

V. CONCLUSION

Many researchers have paid close attention to improving AL
performance by incorporating spatial information for remote
sensing image classification. Most of the studies to date have
focused on how to select the most informative samples when
utilizing the spatial information, which is very important to
increase the AL rate. However, with the addition of spatial
information, the separability between similar classes can also
be enhanced. In this paper, we have proposed a novel ARL
model that embeds the relearning model into an AL frame-
work. On the one hand, the relearning model can optimize the
classification result by adding the PCM features, which are
generated by heuristically exploiting the spatial arrangement
between the class labels on the current classification map.
However, this improvement is limited by the quality of the
initial classification map. To improve the classification even
further, AL is utilized to update the training sample set
iteratively. Thus, AL improves the classification accuracy in
terms of increasing the training samples; meanwhile, it also
improves the classification result in terms of optimizing the
data representation. It should be underlined that AL and
the relearning model interact to promote each other. The
experimental results prove that the ARL model shows a faster
convergence speed with fewer samples.
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Under this framework, we have further improved the per-
formance of ARL in two ways. First, we have proposed
new spatial–spectral criteria to select new samples under the
ARL framework. The experimental results confirm that the
proposed spatial–spectral selection criteria can provide faster
learning rates than only considering the spectral uncertainty.
Second, we have proposed a strategy to adaptively calculate
the window size to enhance the stability and adaptability of the
relearning model. The experimental results also confirm the
effectiveness of this approach.
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