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Abstract
A back propagation (BP) artificial neural network (ANN) application was developed and
applied for multi-spectral remote sensing imagery classification. Four strategies are
developed in this application: (1) a noisy training technique was used to add small random
variation to the sampling data in order to make the training sample more representative
and to reduce the size of the training sample set; (2) an iterative or multi-tier classification
scheme was used to re-classify the unclassified pixels by making sub-set of training samples
from original training set, which means the neural model can focus on fewer classes and
can distinguish between very close classes; (3) channel selection was based on neural
network weights that can distinguish the relative importance of each channel on
classification process, so as to simplify the ANN model; (4) voting rules were developed to
adjust the precision of classification and give outputs of different confidence level. This BP
neural network application can satisfactorily distinguish different land cover types that the
human eye can broadly perceive on a remote sensing imagery. The Purdue Forest, located
in the west of Purdue University, Indiana, was chosen as the test site. The 1986 Landsat
Thematic Mapper imagery was used as the input data. High quality airborne photos of
same time period are used as the ground truth for building sample data sets. Altogether 11
land cover classes were defined, including water, road, urban area, mature forest, young
forest, grass, and certain type of farmlands. Cross validation of independent sample data
sets indicated that single-tier classification reached 85% accuracy while multi-tier
classification reached 95% accuracy. For the whole region, the un-classified pixels (not
belonging to any defined class types) accounted for 4.4% of total pixels and confused pixels
(belonging to more than one classes) accounted for 4.1% of total. Considering that the
accuracy of multi-tier cross testing is about 95%, the final output of this study would still
be up to 87% accuracy.

INTRODUCTION
One of the best sources of land cover information is the high quality digital remote sensing
(RS) imagery that is now widely available. Traditional RS classification or spectral pattern
recognition normally involves the application of statistically based decision rules such as
the Minimum-Distance-to-Means Classifier, the Parallelepiped Classifier, and the Gaussian
Maximum Likelihood Classifier (Lillesand and Kiefer, 2000). In recent years, artificial
neural network (ANN), a promising tool for digital image pixel recognition, is finding
increasing applications in RS (Atkinson and Tatnall, 1997; Campbell, 2002). This is
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because ANN possesses a powerful capability in input-to-output data set mapping
(mathematical, not meaning the geo-mapping). The algorithm and coding of back
propagation (BP) neural network have been well explained and developed, and its
classification mechanisms have also been gradually revealed (Tsuiki et al., 1993; Huang,
1996). However, neural computation didn't show much advantage over other methods in RS
imagery classification in the past because many previous researches mostly focused on
neural network structures, faster algorithms and classification mechanisms. Broader testing
is needed before neural network can become a practicable alternative to conventional
classifiers (Paola and Schowengerdt, 1995).

Using a hybrid approach such as the guided clustering technique (Lillesand and Kiefer,
2000) together with the neural network may be very helpful in RS imagery classification.
Kanelloppoulos et al. (1991) firstly tried a two level hierarchical network although little
classification improvement gained. In this study we tried this multi-tier approach again to
implement our neural network application. Our test area, the Purdue Forest, is located by
the Wabash River and a few kilometers away west to Purdue University, West Lafayette,
Indiana. Land cover types in the area are river, closed forest, sparse/young forest, road and
4-5 types of agricultural and grass lands. These different land cover types are detectable
visually from the 30-meter resolution TM imagery of 1996. Aerial photographs for the area
on the same year were used to build sample data sets for the neural network training and
accuracy assessment.

METHOD
The BP ANN application we developed can build ANN models with one input layer, one
output layer and two hidden layers. Each layer can contain 60 nodes. The main purpose of
this paper is not to discuss the detail ANN technology itself, but to demonstrate the
extensions we implemented for ANN, which may be the keys of address why previous
ANN in RS classification were not so successful. Basic theories of ANN can be found
elsewhere easily such as the book by Lillesand and Kiefer (2000), and will not be discussed
here. Our ANN application extensions includes noisy training that reduces the size of
training data set, the multi-level voting that adjusts the precision of classification, the
channel selection that decreases the model noise and training time, and the iterative or
multi-tier classification that tries to focus on the unclassified pixels for further
reclassification. Figure 1 shows the flow chart of the neural network classifier. Detailed
explanations follow.

Figure 1:  Neural network application flow chart.

Building the sample data set from TM imagery
Initially we need to decide how many classes we want to recognize from the RS imagery.
Ten classes and less are usually appropriate because it is not too difficult to get sample
pixels from the image and ten class usually satisfies many applications. If target classes are
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too numerous, the probability of taking confused training pixels increases and the error of
neural network model will increase.

By selecting the typical pixels of certain land cover type on the RS image, we record their
channel brightness values and assign a specific class ID. The format of a training sample
data set and output are described in Figure 2. The first row in the training file indicates the
number of total training pixels, input bands, and output classes. In the example in Figure 2,
the training file has six training pixels, seven input bands, and three output classes. After
training we obtain an intermediate output matrix indicating each pixel’s likelihood of
belonging to a specific land cover class. Then a voting procedure will give the final output.

Figure 2: Typical training and output data format.

All sample data’s brightness values (BV) are internally normalized for ANN training
(ranged 0-1 for each channel). Liner contrast enhancement of BV is also used for a clearer
recognition:

BVnew = (BVold - BVmin) / (BVmax - BVmin)

Training with noise
Each land cover type will normally occupy a specific BV range on each RS bands hence
form a specific optical feature space. Theoretically, from the 7 bands of TM image, if only
one band has unique BV ranges that distinguishes two classes, these two classes would be
recognized correctly by neural network even the other six bands are mixed together. In fact,
the combination of all bands would give a specific BV pattern (BV feature space) of each
class, which indicates where a class is distributed in the optical channels. Obviously, if the
feature spaces of two classes are somewhat mixed, we have to vote for a class based on
likelihood. Since we don’t know a class’ BV feature space, we can begin by selecting
standard, very obvious sample pixels of a class, then if needed, we may add more sample
pixels at different image locations or select some variant pixels that we still confidently
believe they are belonging to this class. Then we add noise, e.g. ±1% variation in BV, to the
sample training data that makes the feature space of each class increased and filled to
certain degree. With sample data added with noise, feature space of training pixels will be
widened and non-classified pixels of the output will be reduced. This artificial noise helps
make separation between two classes more robust and accurate. However, if the noise is too
big feature space overlap may occur. If overlaps occur on all the bands for two classes, then
the two classes will not be well separated.

Voting:
Primary model outputs for each testing pixel are as many values (range from 0 to 1) as the
number of classes we want (see intermediate output in Figure 2). The bigger the value, the
higher probability the pixel belongs to the class that related to this value. However, one
pixel can resemble to more than one class. To calculate which class a pixel belongs to, we



J. Liu, G. Shao, H. Zhu and S. Liu

658

need to define two factors: the minimum probability value (PV) that we are willing to
assign a class ID (identification number), and the distance (difference) between maximum
PV and second max PV that we will decide if two classes are confusing. A logical decision
rule can be introduced as the following:

Take 0.1 as the minimum PV for assigning a class ID, if maximum PV of a pixel in the
intermediate output is below 0.1, a class ID 0 would be assigned, meaning the pixel belongs
to unknown class.

Take 0.3 as the confusing level, if the maximum PV is greater than 0.1 (say 0.89) and the
distance between maximum PV and the second maximum PV (0.49 for example) is greater
than confusing level, then a class ID can be assigned indicating a successful classification.
If the distance is less than 0.3, we assign a class ID of 100, indicating the pixel is confused
by at least two class types.

Obviously, by setting different minimum PV and confusing level, we can get different
levels of accuracies.

Class 0 and class 100 will normally appear on land cover classifications because the real
land surface is usually more diverse than what we predefined as certain number of classes.
Miss-classified pixels will also appear. If the real land cover classes are not too numerous
and the classes are clearly separated in feature space we should get a good classification
results. Otherwise, we may need to reclassify the miss-classified pixels.

Multi-tier re-classification
Some bad classifications are caused when two classes are too close in terms of BV feature
space. Many classes in the classification will make class overlap more likely. One way to
solve this problem is to use a second or even a third neural network model on a subset for
more focused classification. After the first round model classification, we can shrink the
training set (i.e. exclude those classes we are already satisfied) and make a new sub-set of
training data and generate a new ANN model. We can also add new sample pixels to this
new training set or delete some old pixels if needed. The new model is stratified and
focused on a on fewer number of classes (the un-successful classes). If we produced
multiple ANN models we can classify our image by using them sequentially, with previous
successfully classified pixels preserved and the un-classified old pixels over-written with
new classifications.

Channel selection
Ineffective channels will introduce training variance of an ANN model and increase the
training time. So selecting the effective RS channels for land cover classification is another
aspect of refining ANN model. Contribution of each satellite sensor (channel) to land cover
classification can be calculated from the weights of the neural network (Zhou, 1999),
although the theory of neuron stimulation includes not only the weight, but also the input
strength and output threshold.

Suppose the weights of an ANN model represent a partial derivative feature over the
neuron output, the relative importance of an input channel on output land cover classes is
calculated as:
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where STi is the importance index of ith input channel, J is the number of nodes in the ANN
hidden layer (suppose we have only one hidden layer), sij is the relative importance of input
layer node i to hidden layer node j, tj is the importance of hidden layer node j to the total
output layer. More explanations about weight importance can be found in Zhou (1999).

Sample data
The Purdue Forest test region has 45825 land pixels. We take about 1% of the total pixels
for building two training data sets and they were representing eleven land cover types. All
seven bands of the TM image were used. Sample pixels were manually selected using the
Purdue RS data processing tool MultiSpec with aerial photographs as the ground truth. Two
training data sets were built. Each set was used to train a neural model and the model was
used to cross validate the other data set. For channel selection test, we used a combined
MISAR and MODIS imagery data that contains 59 bands.

RESULTS
The dialog based neural network application we built is running under Windows platform.
One of its dialog windows is shown as Figure 3. The basic dialog options include defining
input/output files, ANN layers and nodes, training noise, maximum training time,
acceptable training errors, and number of unclassified classes.

Figure 3: The Handy Neural Computing Training Interface.

Single-tier model test and multi-tier model refinement
The two model training results for Purdue Forest are shown in Table 1 (single-tier
columns). The classification errors were similar for the two independent single-tier model
tests (16% for model 1 on sample 2 and 14% for model 2 on sample 1, respectively). There
is no class 0 and class 100 in this cross testing. But many class 4 pixels (crop and grass)
from model 1 and class 11 pixels (road) from model 2 were incorrectly assigned to other
class IDs (not a confused class, but wrong class).
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To improve the precision of classification, we saved the satisfactory classes and then built a
new sub-training set for second tier classification. Several refinements of the new training
set were made including the elimination of bad road and crop/grass sample pixels and
adding some more representative pixels. Using the new training set and only training the
un-successful classes (zoom-in) we got a better output as shown in Table 1, multi-tier
column. The model-1 was improved by getting an accuracy of 95%, although model-2
almost didn’t change due to the road class.

Table 1:  Evaluation of model test output.
ID - Land cover type Test of model-1 on sample-2 Test of model-2 on sample-1 Final image

total pix. single-tier multi-tier total pix. single-tier multi-tier % in final image
  wrong pix. wrong pix.  wrong pix. wrong pix. (total 45825 pix).
0 - Not classified 0 0 0 0 0 0 4.4
1 - Water 25 0 0 30 0 0 1.9
2 - Closed Forest 35 3 1 35 1 1 28.8
3 - Sparse Forest 13 3 2 25 3 3 7.6
4 - Crop/Grass 1 33 24 2 5 0 0 6.2
5 - Crop/Grass 2 10 1 1 10 0 0 4.7
6 - Crop/Grass 3 20 0 0 17 1 1 3.0
7 - Crop/Grass 4 20 5 1 20 2 2 13.3
8 - Crop/Grass 5 20 0 2 20 6 6 6.3
9 - Crop/Grass 6 20 4 2 20 0 0 8.4
10 - Crop/Grass 7 20 0 0 20 0 0 5.5
11 - Road 39 1 1 36 21 20 5.8
100 - Confused 0 0 0 0 0 0 4.1
Sum 255 41 12 238 34 33 100
% in total sample pix. 100 16 5 100 14 14  

The final models were trained with the combined sample set from both sample-1 and
sample-2 in order to get a better and more stable result. The final model outputs 13 classes
including not classified (class 0) and confused (class 100). For the whole 45825 pixels, un-
classified pixels were 4.4% of total, and confused pixels accounted for 4.1% of total (see
Table 1, final image column). 91.5% pixels were classified. Considering that the accuracy
of multi-tier cross testing has improved to 95% (if no influence from road pixels), the final
output (adding the un-classified and confused class error) would be around 87% for this
study. The original TM image and the ANN classified image are shown in Figure 4.

Figure 4: TM image and neural network classification image of Purdue Forest.
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Channel selection
Instead of using 7 channels Landsat data, the channel selection ability of this ANN tool was
tested using a combined MISAR and MODIS imagery data that contains 59 channels.
Among the 59 input cannels 23 channels are from MODIS, and 36 channels are from
MISAR. We made a training set of 202 land pixels varying in 11 land cover classes. The
training with all the 59 channel inputs (Figure 5A) stabilized at 20 unclassified classes after
3000 model iterations. Relative channel importance from this training is shown in Figure
5B, from which we selected the top 20 channels (with high importance value) for our new
training set. The new ANN model maintains a similar classification capability but
converged earlier (about 2000 iterations) than the old 59 channels model (Figure 5C). On
the other hand, if we use the bottom 20 channels (with low importance value) for training,
the ANN model output showed both low accuracy and long training time (Figure 5D).

Figure 5:  The effect of channel selection in neural network classification, (A) training with all channels, (B)
channel importance, (C) training with 20 high importance channels, (D) training with 20 low importance channels.

DISCUSSION
Although the road class shows some non-recoverable errors in the second sample data set it
is understandable that the road (about 15 meters wide) is greatly affected by surrounding
land cover types in a 30-meter resolution TM image. It is mostly an image resolution issue.
Mixed pixels can not make good training if no additional information provided. The
differences between the two training sets from TM imagery indicated that the number of
training samples may be still small and there is a degree of luck to obtain a good training
set. Other errors may be caused by the number of output classes, noise level, and logically
confused sample pixels (wrong type assignment at the beginning). Noise level needs to be
suitable to avoid possible overlaps in all bands between classes. Repeated tests with varying
noise levels may be needed for finding an optimal classification. For about 10 classes in
this study, 1-2% noise level is suitable.

Multi-tier classification or stratified neural network is necessary for detailed classification
work. This allows the neural network model to focus on fewer classes and distinguish
between similar classes. In fact we can amplify further because mathematically neural
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network can distinguish two very close values if they are not exactly the same. But it may
need supplemental training arrangements. We can control the ANN output by adding or
deleting some sample pixels. More sample pixels may cover more feature space of their
type.

Within an image of a date, spectral variation of a land cover may surpass the general
difference between two classes. Increasing the number of samples may not have much
influence upon the output after certain precision level reached. Yet increasing the number
of input bands (if available) or using images from different time period (seasonal images)
would help much for further land cover classification. The multi-phase, multi-channel,
multi-angel RS products (e.g. MISAR) would be suitable for ANN technology.
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