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ABSTRACT: Haze is an inevitable interference when mapping land use/cover with optical satellite imagery. In this
study, we applied weights of evidence model to locate possible area with omission and commission errors and
estimate the degree of uncertainty for image classification in haze-contaminated area. Agricultural area in Kansas, U.
S. is chosen as the study area. We used Landsat-5 TM images and hybrid classification to classify the land cover into
four dominant classes in the study area: urban, cropland, grassland and water. Haze thickness and distances to clusters
are assumed as the key factors for uncertainty estimation. For haze thickness, we applied Fourier analysis and
high-pass filter to filter the haze-contaminated image and then spectral change vector analysis was used to acquire the
magnitude of the difference between pre-filtered and post-filtered images. The magnitude of the difference can be
considered as the haze thickness information. For distance to clusters, distances in multi-spectral space between a
pixel's sighature and all training clusters can be computed during the procedure of maximum likelihood classification.
We chose distance to the first, second and third closest clusters as the representation of classification confidence.
Finally, the weights of evidence model was used to combine the four key factors to map the uncertainty estimation
results. Model assessment with the receiver operating characteristics (ROC) shows the area under curve (AUC) is
0.576. The model also indicates the two most significant factors are distance to first cluster and haze thickness, which
is different from the findings of the previous study. Future applications include providing the possible
misclassification areas for human-computer interactive interpretation. It can be helpful to improve the accuracy by
using the human interpretation method to re-interpret the possible misclassification areas.

1. INTROCUTION

Image classification is considered to be the important process to map land use / land cover. However,
misclassification is inevitable and can be a significant source of error when integrating remote sensing data with other
geographic information system (GIS) data. Potential error sources come from the inability of classification systems to
categorize mixed classes, transition zones, or dynamic systems; poorly defined or ambiguous class definitions; human
subjectivity; and the lack of compatibility among different classification systems used with both remote sensing and
traditional data types(Issues et al., 1991). Performances of classifiers and their associated uncertainties are commonly
assessed with the confusion matrix and its derived measures including overall accuracy (OA), user's accuracy (UA),
producer's accuracy (PA) (Congalton, 1991) and the kappa statistic (k) (Cohen, 1960). However, this evaluation is
based on the existence of ground truth data. Accuracy assessment with high degree of statistical confidence may need
plenty of ground truth data, which also means taking plenty of time and manpower is inevitable.

From 1990’s, several studies have proposed the concepts of “uncertainty” in image classification (Fisher, 1994; Van
der Wel et al., 1998). Uncertainty comes from the discreteness nature of remotely sensed data which neglects the
fuzzy character of the environment. Cloud or haze also decreases the image classification quality significantly
because it influences the spectral characteristics of the ground features and makes them easily confused with other
feature type (Cristébal and Gabarda, 2007; Meng et al., 2009; Zhang et al., 2002). Haze-off methodologies mainly
include histogram matching (Richter, 1996), regression tree (Helmer and Ruefenacht, 2005), image fusion (Gabarda
and Cristobal, 2007), dark channel prior method (DCPM)(Kaiming et al., 2011) and wavelet analysis of time-series
imagery (Yong et al., 2002). These haze-off methodologies can help derive the degree of haze influence for image
uncertainty estimation. Generally, uncertainty estimation can benefit the image classification process in two ways.
First, it allows measuring the classification reliability before accuracy assessment with ground truth data. Second, it
enhances accuracy assessments and improves classification confidence. Entropy, originating from information theory,
was commonly used to define the uncertainty as the information content of a piece of information that would reveal
this value with perfect accuracy (Van der Wel et al., 1998). In addition, derived information from classification



models can also help estimate uncertainty. For example, several classifiers, such as maximum likelihood, compute
distances between the unique spectral signature of a given pixel and all possible clusters within an n-dimensional
feature space that represents discrete land cover categories to decide the possible category of that given pixel. The
distance to the second closest cluster can reflect the classification confidence (Mitchell et al., 2008). On the other hand,
soft classification models with adaptive and flexible manner can also deal with the uncertainty and improve the
classification accuracy (Binaghi et al., 2003; Comber et al., 2012; Wang, 1990). Similarly, decision tree classifiers,
such as random forests (RF) and extremely randomised trees (ERT), are also able to model the uncertainty with
Monte Carlo simulation (Barrett et al., 2014; Loosvelt et al., 2014).

For risk management, the most popular models used to carry out uncertainty estimation are certainty factor (CF) and
weights of evidence (WoE). CF and Woe models with GIS spatial factors can be beneficial for landslide (Aboye, 2009;
Binaghi et al., 1998; Devkota et al., 2013; Lan et al., 2004; Pourghasemi et al., 2012; Regmi et al., 2014) or flooding
susceptibility mapping (Regmi et al., 2014; Tehrany et al., 2014). The above instances demonstrate that risk
assessment can help to delineate environmentally sensitive areas and has been widely used to investigate the
probability of risk occurrence and evaluate risk levels for hazard prevention (Zhang et al., 2009). In this study, we
applied WoE model to map the uncertainty of image classification. Haze thickness and distances to clusters are
assumed as the key factors for uncertainty estimation.

2. DATA AND METHODS
2.1 Study Area and Data

We chose part of Kansas State, United States as the study area (Fig. 1). The study area is about 101,524 ha. Cropland,
pasture, orchards and groves dominate the land cover and show up as wide and homogeneous areas. We used
Landsat-5 imagery with 6 bands besides thermal band and 30 m spatial resolution. In order to study the uncertainty of
image classification in haze-contaminated area, we chose the image with haze significantly influencing the image
quality and hindering the land use/cover analysis. The acquisition date of the image was April 24th, 2005. The image
was converted from the digital numbers (DNs) to top-of-atmosphere (TOA) reflectance (Chander and Markham, 2003;
Chander et al., 2007). The Kansas Gap Analysis Program (GAP) database and the attributed U.S. Department of
Agriculture (USDA) Common Land Unit (CLU) dataset were used for training and validation (Fig.1). In order to
avoid the geometric problem between the image and the CLU dataset, the image was orthorectified and registered
with road network and CLU dataset to yield a root mean square error (RMSE) of 0.5 pixels.
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Fig. 1 Study area in Kansas, U. S. and the USDA CLU dataset.



2.2 Haze Detection

We revised the approach of hazy area recovery from Shiu et al. (2011) to model the haze distribution and thickness.

Haze could be assumed as the low spatial frequency component in a hazy image because the spatial variation of its
distribution is slower (on the scale of km) than for land cover which generally changes at higher frequencies (Feng et
al., 2004; Yong et al., 2002). Therefore, Fourier analysis and filter can be used to reduce the haze and recover ground
information. If we assumed the haze is homogeneous in each 1 km square area in the 30-meter resolution image, noise
caused by haze would be periodic. Based on the assumption above, the image was diced into M x N pixels grids. We
chose M = 25 and N = 25 for our image materials. Each grid was transformed to frequency domain with Fourier
analysis and calculated as Fourier spectrum. The haze-off filter was derived from a series of image pairs in the
training group in Shiu et al. (2011). Let the Fourier spectrum of one grid in a hazy image be denoted by Ays;, spectrum
of one grid in a clear image be denoted by As;,, i €{1,..,m}and m is the number of the grid pairs, m e N. The haze

filter, H, is given by the equation:
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The haze filter H; was used to be a moving window filter to remove the haze and recovery ground information in the
hazy image. The filtered result was then transformed back to spatial domain with inverse Fourier transform to get the
haze-off image. Spectral change vector analysis was then used to acquire the magnitude of the difference between
hazy and haze-off images, which represents the degree of haze influence. The magnitude was utilized as the factor for
the uncertainty estimation of image classification.

2.3 Image Classification

Based on the hybrid approach, with both unsupervised and supervised classification, a pixel-based process was
carried out (Turner and Congalton, 1998). The hybrid approach used ISODATA (iterative self-organizing data
analysis) and maximum likelihood classification techniques to overcome the high spectral heterogeneity and overlap
caused by difference of cultivating time in the study area. Four classes including urban, cropland, grassland and water
were classified. Mahalanaobis distances between the measurement vector of one given pixel and the mean vector of all
possible clusters were calculated. Pixels with higher Mahalanobis distance values are more likely to be misclassified.
Contrarily, the pixels with lower values are spectrally nearer, and more likely to be classified correctly. We chose the
distances to the first, second and third closest clusters for each pixel as the factors for the uncertainty estimation of
image classification.

2.3 Uncertainty Estimation of Image Classification

With the selected factors from haze detection and Mahalanobis distances, the WoE model was then used to estimate
the uncertainty of image classification. The uncertainty map can help find the potential areas where misclassification
happened. A detailed description of WoE is available in Bonham-Carter et al. (2013). The method calculates the
weight for each factors (F) based on the presence or absence of the misclassification (M) within the area as follows
(Bonham-Carter et al., 2013; Dahal et al., 2008):
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where P is the probability and In is the natural log. Similarly, F is the presence of a given factor, F is the absence of
a given factor, M is the presence of the misclassified area and T is the absence of the misclassified area. A positive
weight (W,") indicates that the predictable variable is present at the misclassified locations and the magnitude of this
weight is an indication of the positive correlation between the presence of the factors and the misclassified areas. A
negative weight (W,”) indicates the absence of the factors and shows the level of negative correlation. The difference

between the two weights is known as the weight contrast, W, (W; = W,"-W,”); the magnitude of the contrast

reflects the overall spatial association between the factors and the misclassified areas. To evaluate the contribution of
each factor towards the misclassified areas, the layer of misclassified areas was compared to various factor layers
separately. For this purpose, Egs. (1) and (2) were written in a number of pixel format as follows:
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where NPpix; is the number of pixels representing the presence of both a given factor and the misclassified areas,
Npix, is the number of pixels representing the presence of the misclassified areas and absence of a given factor
Npix,is the number of pixels representing the presence of a given factor and absence of the misclassified areas,

Npix, is the number of pixels representing the absence of both a given factor and the misclassified areas.

3. RESULTS AND DISCUSSION

Table 1 shows the accuracy assessment of hybrid classification. Generally, cropland and water areas show better
classification results while urban areas exhibit lower accuracy. Although the overall accuracy can achieve over 80%,
the kappa statistic is only 0.348. Low kappa statistic may reflect the influence of haze. The misclassified and correct
areas were separated into training and validation groups with 1:1 proportion respectively in order to generate the
uncertainty map and validate the WoE model. The results of haze detection and the Mahalanobis distances to the first,
second and third closest clusters for each pixel are shown in Fig. 2. Like most uncertainty estimation approaches, the
generalization of the factors with reclassification is inevitable because of the basic assumption of the models (Aboye,
2009; Lan et al., 2004; Pourghasemi et al., 2012). To be more objective, we reclassified each factors into 5 classes
with natural-breaks (Jenk) method, which can minimize within-class variance and maximized between-class variance
in an iterative series of calculations (Jenks and Coulson, 1963). Class 1 stands for the area with the lowest degree of
haze influence or the lowest value of Mahalanobis distance while class 5 represents the highest. According to the Egs.

(3) and (4), W,", W, and W, of each factors were calculated. The summary of the evidence classes identified as

indicators for the potential misclassified areas is shown in Table 2. High W, value indicates the given class of the

given factor has high positive correlation with the presence of the misclassified areas, and vice versa. Different from
the concept proposed by Mitchell et al. (2008), Table 2 shows that the first closest distance has positive relationship
with the \\/. ; however, the second closest distance does not. This result implies that the first closest distance may be

the better measure for uncertainty estimation of image classification.

The uncertainty estimation map for image classification can be generated by summing up all W, value layers (Fig. 3).

The uncertainty estimation map was classified into five levels: very low, low, uncertain, high and very high potential
based on the natural-breaks method. Compared the original image in Fig. 1 with the uncertainty estimation map in Fig.
3, hazy areas generally show higher potential level of misclassification, which matches our assumption; the urban
areas also show higher potential level than the other land features, which corresponds to the low accuracy of urban
areas in Table 1. However, model assessment with the receiver operating characteristics (ROC) shows the area under
curve (AUC) is 0.576. We speculate the low AUC may result from two reasons. First, the areas with ground truth data
concentrate in the clear part rather than the hazy areas; meanwhile, the area proportion of the cropland class is much
larger than the other classes. Second, we have not considered other factors dominating the classification uncertainty
such as shadow caused by cloud and high land features.

4. CONCLUSIONS

This study provides an alternative solution for uncertainty estimation of image classification. Future applications
include semiautomatic classification with human-computer interaction. In other words, the most possible
misclassified areas can be defined for the artificial classification after the automatic approach. Future studies can
focus on three issues. First, the proposed WoE model should apply to different study areas with more factors included.
Second, the reclassification of each factor and the uncertainty estimation result would be a tricky step in the WoE
model. Different reclassification method can lead different result. More objective substitute step has to be proposed to
improve this uncertainty. Finally, methodologies of uncertainty estimation suitable for other classifiers are also
necessary to develop for practical use.



Table 1 The error matrix of the hybrid classification result.

Reference Data

Urban Cropland Grassland Water User's Acc.

Urban

Cropland
Classified  Grassland

Water
Producer's Acc. 42.93%

255 3480 831 2 5.58%
115 358102 9727 42 97.31%
224 78967 32864 27 29.32%
0 197 26 1977 89.86%
81.25%  75.64% 96.53% 80.77%

Table 2 Summary of the evidence classes identified as indicators for the misclassified areas (only two of the factors

are shown here).

Factor

Class

Npix1

Npix2

Npix3

Npix4 w* W Wi

First Closest Distance

Second Closest Distance
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1
1048
29387
13625
2777
1

49
20042
21540
5206

46837
45789
17450
33212
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41631

698861
272478
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2173
57090

1079038
1024121
382350
808733
1030602
1080745
1074286
640377
587728
941709

-4.545 0.002 -4.547
-0.859 0.032 -0.890
-0.030 0.052 -0.082
0.144 -0.053 0.197
0.236 -0.013 0.250
-3.005 0.000 -3.005
-1.812 0.005 -1.817
0.048 -0.035 0.083
0.008 -0.006 0.014
-0.149 0.020 -0.169
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Fig. 2 Factors for the WoE model: (a) shows the degree
of haze influence; and (b) to (d) represent the

Mahalanobis distances to the first, second and third

closest clusters.

Fig. 3 Uncertainty estimation of image classification

generated from the WoE model.
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