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Maps: A Comparison of Contextual and Non-contextual Models 

Desheng Liu 1 + and Yongwan Chun 2 
1 Department of Geography and Statistics, The Ohio State University 

2 School of Economic, Political and Policy Sciences, The University of Texas at Dallas 

Abstract. The use of land cover change map is subject to error propagation from multi-temporal land cover 
classification maps. Understanding the factors determining error propagation to land-cover change maps 
helps to select appropriate classification models and characterize the associated uncertainties. In this paper, 
we presented a simulation analysis on the rates of error propagation for both non-contextual and contextual 
classification models. The simulation approach was based on simulated annealing with careful experimental 
designs to control two related factors including the spatial and temporal patterns on the errors in spectral 
probability estimation. The results showed that the two factors had different influences on the error 
propagation for non-contextual and contextual classification models. For non-contextual models, increasing 
temporal dependence of errors could reduce the rate of error propagation while spatial dependence of errors 
did not have an impact on the error propagation. For contextual classification models, the use of spatial-
temporal information significantly reduced the rate of error propagation. However, the utilities of the spatial-
temporal information in mitigating error propagation were dependent on the spatial dependence of errors. 
The impact of the temporal dependence of errors was weakened in the contextual models. 
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1. Introduction 
Accurate information on land cover change is essential to many environmental and geographical studies. 
Such information is often derived from the classification of multi-temporal remotely sensed imagery. 
However, errors inherent in the land cover classification maps will inevitably be propagated to the land cover 
change maps (Foody, 2002). The errors propagated to the land cover change maps can contribute significant 
uncertainties to their further applications (Kyriakidis and Dungan, 2001). Understanding factors influencing 
the rate of error propagation is important to select appropriate classification methods and characterize the 
associated uncertainties.  

Burnicki et al (2007) examined factors that affect the rate of error propagation on land cover change 
maps using a simulation approach. They found that the temporal dependence of classification errors and the 
interactions between the spatial patterns of land cover changes and classification errors determine the rate of 
error propagation. However, the effects of different classification models on the error propagation remain 
unclear with respect to the considered factors. Generally speaking, classification models used in the multi-
temporal image classification can be divided into non-contextual models and contextual models depending 
on whether spatial/temporal information is utilized (Liu et al, 2008). Non-contextual models only use 
spectral information in the classification process while contextual models utilize both spectral information 
and spatial/temporal information. As both the spatial patterns and temporal dependence of classification 
errors affect the rate of error propagation, it is interesting to investigate the effects of spatial/temporal 
dependence on the error propagation of land cover change maps. As such, the purpose of this paper is to 
compare the error propagation rates between non-contextual and contextual classification models in relation 

                                                           
+  Corresponding author. Tel.: +1-614-247-2775; fax: +1-614-292-6213. 
   E-mail address: liu.738@osu.edu. 

Proceedings of the 8th International Symposium on 
Spatial Accuracy Assessment in Natural Resources and Environmental Sciences

Shanghai, P. R. China, June 25-27, 2008, pp. 405-411
 

 



 406 

to other factors using a simulation approach.  

2. Methods 

2.1. Simulation Framework 
The simulation approach generates a number of spatial-temporal patterns of errors involved in multi-
temporal land cover classification processes. This will enables the characterization of error propagation on 
land cover change maps using both non-contextual and contextual classification models under various 
scenarios. For the sake of simplify, a binary classification system over two time points is assumed 
throughout the simulation. The simulation framework consists of the following two stages: 1) the simulation 
of error-free maps, and 2) the simulation of error-perturbed maps. 

The first stage involves the generation of error-free maps including two land cover maps (one for each 
time), four spectral probability maps (one for each class at each time), and one land cover change map 
through the following steps:  

1) simulating a land cover map at time 1,  
2) simulating the spectral probability maps at time 1 based on the simulated land cover map,  
3) simulating a land cover map at time 2,  
4) simulating the spectral probability maps at time 2 based on the simulated land cover map, 
5) generating a true land cover change map by overlaying the two land cover maps at time 1 & time 2. 
At the second stage of the simulation, errors involved in the classification processes are simulated. Given 

that errors involved in non-contextual classification models stem from the observed spectral information, we 
locate a random sample of pixels with some spatial-temporal patterns and assign errors to their spectral 
probabilities. Factors controlling spatial-temporal error patterns are specified by: (1) spatial dependence of 
error pixels at each time point, and (2) temporal dependence of the error pixels between two time points. 
Each factor consists of various levels of dependence. With regard to the spatial dependence, both random 
and spatially clustered error pixels are considered. For the temporal dependence, different levels of 
associations between error pixels at time 1 and time 2 are examined. The level of association, ρ, is measured 
as the proportion of overlapped error pixels at both time 1 and time 2 to the total error pixels at time 1 or 
time 2. Six different ρ values are considered including 0.0, 0.1, 0.2, 0.3, 0.4, and 0.5. In addition, we also 
consider temporal independence between time 1 and time 2. The combination of different levels of two 
factors yields a total of 14 different scenarios of error patterns in the simulation analysis. 

For each scenario, the simulation procedure generates two error location maps (one for each time) and 
four error-perturbed spectral probability maps (one for each class at each time) through the following steps: 

1) simulating an error location map at time 1 by randomly sampling a given proportion of pixels 
according to a specific level of spatial dependence, 

2) generating the error-perturbed spectral probability maps at time 1 by modifying the spectral 
probability value at each error pixel, 

3) simulating an error location map at time 2 by randomly sampling a given proportion of pixels 
according to a specific level of spatial dependence and temporal dependence with time 1, 

4) generating the error-perturbed spectral probability maps at time 2 by modifying the spectral 
probability value at each error pixel. 

2.2. Simulated Annealing 
All the simulations in Section 2.1 are conducted with an algorithm called simulated annealing (SA). As an 
optimization method, SA has been frequently used to simulate a certain spatial pattern in raster data 
(Goovaerts, 1997; Burnicki et al, 2007). Based on a user-defined objective function, SA produces an 
approximate to a global optimum. In order to achieve a certain level of spatial dependence, an objective 
function can be defined as a target semi-variogram model. Specifically, an SA procedure starts with an initial 
map with no spatial dependence and randomly modifies the map iteratively to achieve the desired spatial 
dependence. At each iteration, a modified map is accepted if the modified map leads to a reduction of the 
difference between the empirical semi-variogram of the modified map and the pre-set target semi-variogram. 
This iterative process continues until the target statistic is reasonably achieved by a modified map or a 
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modified map is not significantly different from a map that is generated at the previous iteration. The 
objective function at the ith iteration, Oi, can be defined as: 
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where ( )dhγ  is the target semi-variogram value at lag hd; and ( )d
i hγ̂  is the semi-variogram value of a 

modified map at the ith iteration. To prevent an SA process from being caught in a local optimal solution, an 
SA procedure also accepts an unfavorably modified map with a specific probability of acceptance. The 
probability of acceptance has a decreasing functional form as iterations continue, which is called cooling 
schedule. 

For the land cover maps and error location maps, a binary map is used for an initial map. In contrast, for 
the spectral probability maps, a beta distribution is utilized to generate an initial spectral probability map. 
The use of a beta distribution for an initial spectral probability surface has three advantages (see Gupta and 
Nadarajah, 2004 for more information about beta distribution). First, the use of a beta distribution allows the 
creation of probability surface directly because a random number from a beta distribution exists between 0 
and 1, which is required to be a probability value. Second, by changing two parameter values, various 
different probability surfaces can be achieved. Third, with the restriction of a two class case, the proportion 
of one class to the other class can be obtained.  

2.3. Classification Models 
With the error-perturbed spectral probability maps simulated under each scenario (see Section 2.2), the two 
classification models can be applied to generate the classified land cover change map. The non-contextual 
model classifies each pixel based solely on the spectral probability. In the contextual model, classification is 
based on both spectral probability and spatial-temporal dependence among pixels using Markov random 
fields (MRF). The estimated land cover change maps are then derived from the two classified maps using 
both non-contextual and contextual approaches. 

In image analysis, MRF has been utilized to incorporate the contextual association among pixels in a 
probabilistic model (Dubes and Jain, 1989; Li, 2001). The principal concept of MRF is that as each pixel 
value is related to the other pixel values in a given neighborhood. The spatial-temporal information can be 
described as a conditional probability of each pixel given the other neighboring pixels. Figure 1 demonstrates 
the neighborhood structure for a pixel in two time points. When spatial and temporal contexts are considered 
in MRF, there are 18 pixels including itself are involved in constructing a conditional probability (Melgani 
and Serpico, 2003; Liu et al., 2006). 
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Fig. 1: Neighbourhood structure for MRF modeling; Ns(i) and Nt(i) denote respectively a spatial and temporal neighbour 

for pixel i. 

With the consideration of spatial-temporal dependence, a MRF models the conditional probability that ith 
pixel belongs to a class given its spatial-temporal neighbors as: 
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where c(i) is the class label of pixel i; c(Ns(i)) is a class vector of spatial neighbors of pixel i; c(Nt(i)) is a 
class vector of temporal neighbors of pixel i; Z is a normalizing constant; U is the total spatial-temporal 
energy function. If no interaction is assumed between spatial neighbors and temporal neighbors, the energy 
function, U, can be defined as:  

( ) ( )( ) ( )( )( ) ( ) ( )( )( ) ( ) ( )( )( )iNcicUiNcicUiNciNcicU tTsSts ,,,, += ,                              (3) 
where US is a spatial energy function and UT is a temporal energy function. The spatial energy function, US, 
and the temporal energy function, UT, are further characterized as: 
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where βS is a non-negative parameter for spatial energy, I is an indicator function which equals 1 if c(i)=c(j) 
and 0 otherwise. Then, βT is a non-negative parameter for temporal energy and P(c(i)|c(j)) is a transitional 
probability that c(j) at time 1 becomes c(i) at time 2. 

In contextual classification models based on MRF, the spatial-temporal contextual information as well as 
the spectral probability of each pixel is integrated in the classification. Define the spectral energy function by 
USpectral = − ln( P( c( i )| X )) , where P( c( i )| X )  is the spectral probability. A pixel is classified to a class which 
minimizes the sum of three different energy functions which are US, UT, and USpectral: 

( ) ( )SpectralTSc
UUUic ++= minarg* .                                                    (6) 

3. Results 
The size of all simulated data was set as 200 x 200. The land cover maps were simulated such that the 
proportions of two classes (0 and 1) were roughly equal (i.e. about 50% for each class). The land cover maps 
after running simulated annealing contained a small number of isolated pixels (not shown). To represent 
thematic maps more realistically, the isolated pixels on the land cover maps were removed by smoothing 
filters. The final simulated land cover maps at time 1 and time 2 were shown in Figure 2 (a) and (c) 
respectively. The corresponding spectral probability maps were created with Beta (0.05, 0.05), which has a 
symmetric shape with majority of probabilities close to 0 or 1. The simulated spectral probability maps for 
class 1 were shown in Figure 2 (b) and (d). Figure 2 (e) showed the land cover change map by overlaying the 
simulated land cover maps. It can be observed that the changes occurred in small clustered patches. 

The error-free spectral probability maps were perturbed to generate 14 different spatial-temporal patterns 
on spectral probability errors. For each scenario, the error location map was firstly simulated by randomly 
sampling 10% of error locations from the entire map. This resulted in 4000 error pixels in each error-
perturbed spectral probability map. Hence, the accuracy of the classified land cover map is expected to be 
90% when only spectral information is considered.  

Land cover classification and change maps were generated by non-contextual and contextual 
classification models using each simulated data. The overall accuracies for land cover maps and land cover 
change maps were calculated for all the simulations. The results for non-contextual models were summarized 
in Table 1. Since non-contextual models did not use spatial-temporal information in classification, all the 
land cover maps had the same accuracy (90%). However, the rate of error propagation, which was 
characterized by the accuracy of land cover change maps, varied with the temporal dependence. The 
increasing overlaps led to reduced error propagation as evidenced by the increased accuracy. For temporally 
independent error patterns, the accuracy values of land cover change maps were close to the product of the 
accuracies of the two land cover maps in both spatially random error patterns and spatially clustered error 
patterns. At all temporal overlaps, spatial patterns of errors did not seem to affect the error propagation. 

The results from contextual models were reported in Table 2. Compared with Table 1, all accuracy 
measures in Table 2 were significantly better, indicating reduced rate in the error propagation by considering 
spatial-temporal information. However, the utilities of the contextual information varied between spatially 
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random error patterns and spatially clustered error patterns. For spatially random error patterns, the 
accuracies for land cover change maps were about 96% across the overlaps. In contrast, for spatially 
classified error patterns, the corresponding accuracies were about 92% or less. This difference could be 
explained by the fact that spatially random errors had better chance to be fixed by their neighboring error-
free pixels using MRF model than those spatially cluster errors which had less error-free pixels in their 
neighborhood. The variation in accuracy measures among different overlap levels did not follow any pattern. 
This was probably due to the fact that the gains from the use of spatial-temporal information tended to 
weaken the impact of increasing temporal dependence on land cover change maps.  
 

50 100 150 200

20

40

60

80

100

120

140

160

180

200

 
50 100 150 200

20

40

60

80

100

120

140

160

180

200

 
(a) (b) 

50 100 150 200

20

40

60

80

100

120

140

160

180

200

 
50 100 150 200

20

40

60

80

100

120

140

160

180

200
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(e)  

Fig. 2: (a) Land cover map at time 1, (b) spectral probability map (class 1) at time 1, (c) land cover map at time 2, (d) 
spectral probability map (class 1) at time 2, and (e) land cover change map from time 1 to time 2 (the four colours 

represent four different transitions) 
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Table 1. Accuracies of land cover classification and change maps from non-contextual classification models 

Spatially random error patterns Spatially clustered error patterns 
Temporal 
overlap Land cover 

change map 

Land cover 
map 

(time 1) 

Land cover 
map 

(time 2) 

Land cover 
change map 

Land cover 
map 

(time 1) 

Land cover 
map 

(time 2) 
0 0.8000 0.9000 0.9000 0.8000 0.9000 0.9000 

0.1 0.8100 0.9000 0.9000 0.8100 0.9000 0.9000 
0.2 0.8200 0.9000 0.9000 0.8200 0.9000 0.9000 
0.3 0.8300 0.9000 0.9000 0.8300 0.9000 0.9000 
0.4 0.8400 0.9000 0.9000 0.8400 0.9000 0.9000 
0.5 0.8500 0.9000 0.9000 0.8500 0.9000 0.9000 

Independent 0.8096 0.9000 0.9000 0.8124 0.9000 0.9000 

Table 2. Accuracies of land cover classification and change maps from contextual classification models 

Spatially random error patterns Spatially clustered error patterns 
Temporal 
overlap Land cover 

change map 

Land cover 
map 

(time 1) 

Land cover 
map 

(time 2) 

Land cover 
change map 

Land cover 
map 

(time 1) 

Land cover 
map 

(time 2) 
0 0.9539 0.9905 0.9586 0.9178 0.9374 0.9768 

0.1 0.9650 0.9807 0.9783 0.8954 0.9188 0.9650 
0.2 0.9646 0.9793 0.9791 0.9180 0.9350 0.9752 
0.3 0.9616 0.9833 0.9714 0.9264 0.9421 0.9702 
0.4 0.9482 0.9810 0.9591 0.9252 0.9393 0.9674 
0.5 0.9644 0.9792 0.9783 0.9196 0.9336 0.9620 

Independent 0.9728 0.9897 0.9792 0.8790 0.9371 0.9270 

4. Conclusions 
In this paper, we conducted a simulation study to characterize the rate of error propagation on land cover 
change maps using two different classification models under various scenarios. The simulation was 
conducted using simulated annealing. Land cover maps and their associated spectral probability maps at two 
time points were first generated. The true land cover change map was then derived by overlaying the two 
land cover maps. Errors involved in the classification processes were introduced in the spectral probability 
maps. A number of scenarios with different spatial-temporal error patterns were simulated. Under each 
scenario, the spectral probability maps were perturbed by adding errors with certain levels of spatial and 
temporal dependences. The error-perturbed spectral probability maps were then classified using both non-
contextual and contextual classification models. The non-contextual models classified each pixel based 
solely on the spectral probability. In the contextual models, classification was based on both spectral 
probability and spatial-temporal information modeled by Markov random fields (MRF). The estimated land 
cover change maps were then derived from the two classified maps using both non-contextual and contextual 
approaches.  

The results showed that the spatial and temporal error patterns had different influences on the error 
propagation for non-contextual and contextual classification models. For non-contextual models, increasing 
temporal dependence of errors led to the reduced rate of error propagation. In contrast, spatial dependence of 
errors did not have an impact on the error propagation. For contextual classification models, the use of 
spatial/temporal information significantly reduced the rate of error propagation. However, the utilities of the 
spatial-temporal information in mitigating error propagation were dependent on the spatial dependence of 
errors. The impact of the temporal dependence of errors was weakened in the contextual models. 
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