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Abstract 
The theoretical background and concepts of preliminary classification of 

multispectral remotely sensed satellite imagery are reviewed based on the Satellite 

Image Automatic Mapper (SIAM™), developed primarily by Dr. Andrea Baraldi. 

Landsat-8 and Sentinel-2 images from August 2015 of the city of Salzburg, Austria 

were pre-classified following radiometric calibration into top of atmosphere (TOA) 

reflectance. The operational, automatic, prior knowledge-based, multi-sensor, 

multi-resolution, near real-time SIAM™ was used to pre-classify the image pixels 

into semi-concepts at three semantic levels. Results from both Landsat-8 and 

Sentinel-2 are compared with each other between semantic granularities. Vegetation 

binary masks were also created using SIAM™, which may have use particular 

relevance to automated land use change analysis. A few applications for this type of 

image pre-classification are briefly explored. 

 

Introduction 

Classification and segmentation are 

complimentary processes within the 

framework of geographic object based 

image analysis (GEOBIA). According to 

Tso and Mather (2001), classification has 

two parts: defining object categories and 

assigning or allocating individual objects to 

the aforementioned categories or classes. 

Tso and Mather also refer to classification 

in remote sensing as pattern recognition.  

Preliminary classification is a newer 

concept in the field of remote sensing that 

has relevance for class modelling, 

segmentation, automating remote sensing 

workflows, spatio-temporal change 

detection, better enabling semantic queries 

of satellite image databases and more. Due 

to its relatively recent incorporation into 

remote sensing workflows, limited applied 

examples exist in peer-reviewed literature. 

Taking a closer look at the theory behind 

the approach and a comparison of results 

from both Landsat-8 and Sentinel-2 images, 

integration of pre-classification in remote 

sensing workflows is explored. 

Background Theory 

Image pre-classification is exactly what the 

name implies: an initial classification of 

remotely sensed imagery. This approach is 

meant to be situated in a broader remote 

sensing (RS) image understanding (IU) 

workflow to be followed by further 

classification, segmentation or other 
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methods. More specifically, the focus of 

this paper is on spectral-based image pre-

classification, which divides the feature 

space of a multi-spectral image into 

semantic semi-concepts using a 

knowledge-based approach in contrast to 

data-driven approaches. Semi-concepts are 

based on the theories of David Marr (1982), 

and the term semantic in this context 

relates to the semi-concepts meanings. A 

decision-tree based on a priori knowledge 

of thousands of spectral profiles is the 

foundation of this process. 

According to Marr, human vision begins 

with a pre-attentive first stage. The output 

of this first stage is a symbolic primal 

sketch, including both a raw and final 

version. The raw primal sketch is pure 

spectral differentiation of gray shades and 

color tones and the final primal sketch 

groups similar shades and tones. Pre-

classification can be considered a primal 

sketch in the Marr sense, where spectrally 

similar pixels are identified and grouped 

into semi-concepts. 

These semi-concepts are considered semi-

symbolic (Fig. 1) in that their meaning is 

at most ~50% of the way to bridging the 

gap between sensory data and symbolic, 

semantic classes (Baraldi 2015). Remote 

sensing image understanding systems 

(RS-IUS), including software such as 

SIAM™ for a deductive pre-attentive 

vision first stage, bridge the gap between 

pixel values and semantic concepts (Baraldi 

and Boschetti 2012). An image 

understanding system in this context refers 

to the process of turning reflectance values 

of an RS image into symbolic 

representations, which are considered valid 

information (Lang and Tiede 2015). Semi-

concepts require further context, analysis, 

or additional information to classify pixels 

into symbolic classes, such as land cover 

classes, thus, they are considered 

semantically lower than land cover classes. 

Multiple levels of semantic granularity are 

created through pre-classification. 

Semantic granularity refers to various levels 

of specification of a defined entity, in this 

case, semi-concepts (Fonseca et al 2002). 

This means that more general to more 

detailed semi-concepts are used to create 

Figure 1: image understanding system from sub-symbolic 

features to stable semantic features based on the theories of 

Marr (1982) (Source: Baraldi and Boschetti, 2012) 
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decision boundaries within the feature 

space (e.g. 18, 48 and 96 semi-concepts), 

and as such can be considered 

simultaneously as a sort of multi-scale 

segmentation (Baraldi and Boschetti 2012).  

Regardless which level of semantic 

granularity is considered, quantization level 

of an image is reduced by pre-classification 

which may be preferable to manipulating 

and analyzing raw or calibrated data from 

the sensor. For example, working with 96 

semi-concepts derived from 12-bit data 

may have advantages to working with 12-

bit data from 7 bands (i.e. 40967 

quantization levels per pixel), despite the 

challenges or limitations inherent to the 

simplification (Lang and Tiede 2015).  

Software 

There are only two known automatic, pre-

classifying, spectral-based software 

packages for satellite imagery: the Satellite 

Image Automatic Mapper (SIAM™) and 

Atmospheric/Topographic Correction™ 

(ATCOR™) Spectral Classification 

(SPECL) of surface reflectance signatures 

(Baraldi et al 2013). Using applied examples 

Baraldi et al (2013) have compared the two 

software packages and shown SIAM™ to 

be more accurate, efficient and correct in 

its assigning semi-symbolic, semantic 

categories to pixels. It must be kept in mind, 

however, that Baraldi is the primary 

developer of SIAM™ and other studies 

comparing the two software packages do 

not exist, as far as the author is aware. 

Functionally, the most notable difference 

between the two software packages seems 

to be the radiometric calibration required 

as pre-processing. It is important for pixels 

to be radiometrically calibrated into top-of-

atmosphere (TOA) reflectance because 

spectral-based pre-classification uses only 

each pixel’s spectral profile. TOA 

calibration ensures more reliable pre-

classification but is ultimately a 

normalization of the raw digital number 

(DN) pixel values from the sensor. It takes 

earth-sun distance, angles between the 

earth, sun and sensor, etc. into account, 

allowing the information of an image to be 

comparable to other calibrated images. 

Calibration to surface reflectance, 

removing atmospheric influences instead 

of just TOA, is ideal for any analysis of 

earth’s surface, but this calibration requires 

additional information about the 

atmosphere for each satellite image at the 

time and place of acquisition (Fig. 2). These 

data are generally not available. TOA 

calibration in very clear sky conditions and 

flat terrain is considered similar to surface 

reflectance values (Baraldi et al 2013). 

ATCOR™-SPECL requires images to be 
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calibrated to surface reflectance, which is 

most often not possible and is inherently 

difficult (i.e. ill-posed) due to the previously 

mentioned lack of data. 

In the case of  SIAM™, each individual 

pixel of a multi-spectral image calibrated 

into TOA reflectance is assigned a 

semantic semi-concept, such as “turbid 

water” or “vegetation in shadow” based 

solely on its spectral profile. Taking around 

5 minutes to pre-classify a Landsat-8 image 

and 15 for a Sentinel-2 image (i.e. UTM 

sub-tile), the process is not only automatic, 

requiring no user input, but delivers results 

in near real-time.  Spatial context is not 

taken into consideration, nor is the texture, 

shape or compactness of the resulting 

semi-concepts. 

A few versions of SIAM™ 

exist, but the version 

sometimes referred to as L-

SIAM™, for “Landsat-

like”, was developed based 

on earlier Landsat images 

using 7 bands: B, G, R, 

NIR, MIR1, MIR2, TIR 

and 8-bit data. This is the 

version referred to in this 

paper as simply SIAM™. 

While the software is 

compatible with images 

from multiple sensors (e.g. 

MODIS, ASTER, Sentinel-2), sometimes 

adjustments must be made during pre-

processing should a different set of bands 

or radiometric resolution be available than 

that of earlier 8-bit Landsat images. 

Data and Pre-processing 

Two open and freely available satellite 

images from Landsat-8 and Sentinel-2 

captured in August 2015 with limited cloud 

cover were used for pre-classification using 

SIAM™ (Fig. 3). A comparison of the 

available bands for Sentinel-2, Landsat-8 

and Landsat-7 images can be seen in Figure 

4, provided by the United States Geological 

Survey (USGS). 

Figure 2: Radiometric calibration workflow from digital numbers to 

surface reflectance, (Source: Humboldt State University, Introduction to 

Remote Sensing. Accessed 01.06.2016 

http://gsp.humboldt.edu/olm_2015/Courses/GSP_216_Online/lesson4-

1/radiometric.html ) 
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The Landsat-8 image, 

captured on August 

9th, 2015, was 

downloaded from the 

USGS’ Earth 

Explorer. The 16-bit 

Landsat-8 imagery has 

a spatial resolution of 

30m, but thermal 

bands 10 and 11 have a 

spatial resolution of 

100m resampled to 

30m. Bands 2-7 and 10 

are used in this pre-

classification for a total 

of 7 bands. The TOA 

reflectance calibration 

used was also 

developed by Baraldi, 

and incorporates a re-

sampling of Landsat-8 

images to 8-bits 

because SIAM™ is 

based on earlier 

Landsat images. The 

TOA reflectance 

calibration uses ENVI 

IDL and runs using a 

batch script utilizing 

the time and location 

information from the 

image’s metadata. 

Figure 3: the Landsat-8 and Sentinel-2 images used for analysis. The extent of the Sentinel-

2 image is smaller than that of the Landsat-8 image and is the darker square laid within the 

bounds of the lighter Landsat-8 image. Two areas were chosen for comparison, depicted by 

red rectangles. (Source: author’s illustration) 

 

Figure 4: comparison of bands between Sentinel and Landsat imagery. The lack of thermal 

bands in Sentinel-2 is apparent. (Source: USGS) 
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The Sentinel-2 image was downloaded 

from ESA’s Sentinels Scientific Data Hub. 

Only the sub-tile (UTM-33 TUN) captured 

on August 13, 2015 covering the city of 

Salzburg was used. Sentinel-2 is 12-bit data. 

Most of the required bands have a spatial 

resolution of 10m, but the near infrared 

bands 11 and 12 have a spatial resolution 

of 20m. In order to allow the Sentinel-2 

images to be pre-classified by SIAM™, the 

data must be pre-processed to be Landsat-

like. Dr. Dirk Tiede assisted in this pre-

processing. converting the image to 8-bit, 

resampling bands 11 and 12 to a spatial 

resolution of 10m, and because Sentinel-2 

data has no thermal band, a dummy 

thermal band with all pixels containing a 

value of 110 was also created. The effects 

of this dummy thermal band on the 

outputs of SIAM™ have not been tested. 

Baraldi has not developed a script to 

calibrate Sentinel-2 images into TOA 

reflectance, but Tiede has developed one 

based on Baraldi’s work, and that was used 

to calibrate the image. 

Methods 

The radiometrically calibrated pre-

processed images were pre-classified using 

SIAM™. The results at different semantic 

levels were visually compared in ArcGIS. 

No validation of the results’ accuracy was 

carried out. 

SIAM™ runs using batch scripts and lacks 

a graphical user interface (GUI). Tiede 

programmed an ArcGIS python toolbox to 

serve as a GUI for creating batch scripts 

for SIAM™. If a user so desired, it would 

be fairly easy to batch processes for 

radiometric calibration and automatic pre-

classification of images added to a defined 

folder or database. 

The batch file requires specific input 

parameters and has a few optional ones. 

The location of the SIAM™ executable 

program (i.e. .exe file) must be defined, 

along with the radiometrically calibrated 

input image (or location of multiple 

images). The calibrated images based on 

Baraldi or Tiede’s radiometric calibration 

are saved as .dat files and must have 

“_calrefbyt_lndsatlk_” in the name for the 

software to recognize them. This ultimately 

stands for “calibrated reflectance” and 

“landsat-like”. A 

“_caltembyt_lndsatlk_” .dat file is also 

created in pre-processing, but is not given 

as input. The input version must be defined, 

in this case as landsat-like, but other 

versions exist (e.g. SPOT, AVHRR). Other 

input types would require different 

calibration algorithms. Whether the 

input .dat file name would then need to be 
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different (i.e. not “lndsatlk”) is unknown to 

the author, but is very likely. The input 

ENVI header file (e.g. .hdr) associated with 

the .dat file must also be present in the 

same location as the .dat file, but is not 

defined as input. The number of rows or 

columns of an image are automatically 

filled based on the input image.  Finally, the 

output directory must also be defined. 

Optional parameters include: crisp or fuzzy 

classification; using a binary mask for 

processing (which likely allows the user to 

limit areas for pre-classification of an image 

based on a binary mask); flags as to 

whether it is known that no smoke plumes, 

no clouds and no burned areas are present 

(all set to false as default); and which 

specific masks should be created. The 

possible masks include vegetation binary, 

vegetation trinary, bare-soil or built-up 

trinary, cloud trinary, water trinary, shadow 

trinary and urban area binary. 

Both the Landsat-8 and Sentinel-2 images 

of Salzburg were pre-processed to be 

“Landsat-like” and were pre-classified as 

such. Only crisp classification was used 

because the fuzzy classification did not 

work at the time of this analysis, perhaps 

because it requires additional pre-

processing steps or an additional file. A 

binary mask for processing was not used, 

and all of the flags (e.g. no cloud flag) were 

left as the default, “false”. Vegetation and 

urban binary masks were created for each 

image. Each output layer has a “.dat” and 

“.dat.hdr” file that are both needed to 

visualize the layer. The output from 

SIAM™ for analysis of both the Landsat-8 

and Sentinel-2 images was three semantic 

granularities of semi-concepts (fine (96), 

intermediate (48) and coarse (18)) as well as 

a vegetation binary mask and urban area 

binary mask. Semi-concepts are visualized 

using pre-defined pseudo-colors. These 

outputs were visually compared using 

ArcGIS, but other GIS software could 

have been used to visually examine the 

output files. 

Figure 5: Pseudo-colors and general categories based on pre-classification at fine semantic granularity (i.e. 96 categories) 

(Source: Baraldi 2015) 
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Figure 6: the first extent for comparison: Landsat-8 image (above) and Sentinel-2 image (below) radiometrically calibrated to 

TOA reflectance values (Source: author’s illustration) 
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Results 

Two extents from the results were chosen 

for comparison (see Fig. 3). The first is an 

extent including a portion of the city of 

Salzburg, including the Salzburg main train 

station, a section of the Salzach, 

Kapuzinerberg and Gaisberg. This extent 

was chosen for its inclusion of urban areas, 

a river, green space and a small cloud in the 

Sentinel 2 image. The second extent 

includes the mountain Hochkönig, part of 

the Northern Limestone Alps, and a bit of 

the small valley west of Hochkönig, called 

Hinterthal. This alpine landscape was 

Figure 7: three semantic levels produced by SIAM™ for the first sample extent including the city of Salzburg. 18 

categories (top), 48 categories (middle), 96 categories (bottom) for Landsat-8 (left) and Sentinel-2 (right). (Source: author’s 

illustration) 
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chosen for comparison of outputs due to 

the presence of snow, a glacier at around 

2,700-2,900m elevation, a relative lack of 

urban areas and for the presence of a 

distinct tree line. Fig. 6 and 9 show larger 

versions of the two sample extents for both 

Landsat-8 and Sentinel-2 datasets. Fig. 7 

and 10 show the three semantic levels and 

Fig. 8 and 11 the vegetation and urban 

binary masks for both sample extents. 

Landsat-8 layers are always on the left and 

Sentinel-2 layers are on the right. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 

Figure 8: vegetation (above) and urban (below) binary masks produced by SIAM™ for the first sample extent including the 

mountain Hochkönig. Landsat-8 (left) and Sentinel-2 (right)  (Source: author’s illustration) 
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Figure 9: the second extent for comparison: Landsat-8 image (above) and Sentinel-2 image (below) radiometrically calibrated to 

TOA reflectance values (Source: author’s illustration) 
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Figure 10: three semantic levels produced by SIAM™ for the second sample extent including the mountain Hochkönig. 18 categories 

(top), 48 categories (middle), 96 categories (bottom) for Landsat-8 (left) and Sentinel-2 (right). (Source: author’s illustration) 
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Discussion 

The first sample extent including part of 

the city of Salzburg shows a distinct 

difference between the pre-classifications 

of both images at all semantic levels. The 

Landsat-8 image has parts of the railway 

tracks, buildings and streets categorized as 

deep water, or at higher semantic 

granularity, as turbid water, whereas the 

Sentinel-2 pre-classifications correctly 

identify those same areas as some category 

of built-up land cover. This mis-

categorization of a sizeable portion of the 

urban area in the Landsat-8 image is 

intriguing, especially given the Sentinel-2 

pre-classification has one less legitimate 

spectral band (i.e. only a dummy thermal 

band) to work with. The majority of the 

remaining categorized pixels seem 

plausible, but accuracy is not tested. Even 

the small cloud visible in the Sentinel-2 

image north of Gaisberg (Fig. 6) has been 

categorized as a cloud. Visible in the 

semantic levels in Fig. 7 as well as the 

vegetation binary mask in Fig. 8, it is clear 

that the 30m spatial resolution of the 

Landsat-8 image ultimately results in a 

higher proportion of vegetation categories 

when compared with the Sentinel-2 image. 

Figure 11: vegetation (above) and urban (below) binary masks produced by SIAM™ for the second sample extent including the 

mountain Hochkönig. Landsat-8 (left) and Sentinel-2 (right)  (Source: author’s illustration) 

 



 

H. Augustin   14 
 

This may be something to be mindful of 

when using SIAM™ for land cover class 

modelling or change detection workflows 

where vegetation is a focus. The urban 

masks are interestingly much more similar 

to each other despite the noticeable 

difference between the vegetation masks 

(Fig. 8). 

The second sample extent had 

comparatively more similar results between 

the datasets than the first sample extent. 

Mainly it is the pre-classification of the 

limestone plateau that shows the most 

variation and miscategorizations. In the 

Landsat-8 image, the plateau is categorized 

as partly as clouds and smoke plumes 

where limestone and snow are present. The 

Sentinel-2 image shows much more 

plausible and seemingly accurate 

categorizations, especially with regard to 

snow, but still a good portion of limestone 

areas are categorized as clouds. This is 

likely due to the limestone’s generally high 

reflectivity. The glacial areas are also 

miscategorized as deep water rather than 

snow or ice, but this is also something that 

can be worked with.  

The vegetation mask looks almost identical, 

keeping spatial resolution differences in 

mind (Fig. 11). In this case, it is the urban 

binary mask that mis-categorized the 

limestone plateau including the mountain 

Hochkönig as an urban area. This is a 

completely understandable categorization 

since it is only based on spectral values, and 

an example of how pre-classification is 

based on semi-concepts. Incorporating 

additional knowledge, such as texture, 

spatial relationships, etc. would improve 

the results here considerably, moving 

towards valid information. 

Generally, the Sentinel-2 semi-concept 

categorizations are quite plausible, whereas 

more issues arise with the Landsat-8 

categorizations. This can largely be 

attributed to differences in spatial 

resolution, with Landsat pixels at 30m 

containing more area and thus 

heterogeneity.  

SIAM™ can be employed in various 

workflows where automated classification 

or segmentation is desired. The results of 

pre-classification are considered 

complimentary to data clustering,    

segmentation and land cover classification.  

For example, segmentation or further 

classification could be applied within the 

bounds of a vegetation binary mask, or 

accepting coarser semantic output 

categories as objects in order to utilize the 

resulting boundaries for further class 

modelling. Database queries may also 

benefit from automatically pre-classifying 

all images upon import. Semantic queries 
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previously not possible in remotely sensed 

image databases would be possible in 

addition to queries based on cloud-cover, 

percentage of vegetation or water and 

traditional queries based on location and 

time.  

Automated temporal change detection 

comparison is one potential application for 

SIAM™. Tiede et al 2014 used SIAM™ in 

an automated workflow for post-

classification land cover change detection 

in Syria between 2010 and 2013. Landsat-5 

and Landsat-8 images of the area acquired 

in 2010 and 2013 were used in a bi-

temporal change analysis of agricultural 

land during the Syrian crisis. The first stage 

after radiometric calibration into TOA 

reflectance values was pre-classification 

using SIAM™ followed by object-based 

post-classification comparison (PCC) of 

change programmed in the Cognition 

Network Language (CNL) from Trimble 

Geospatial’s eCognition software. The 

result of this automated workflow is a land 

cover change map. This process proposed 

by Tiede et al is completely automated, 

requiring no training samples or user-

defined parameters. In this study, areas 

impacted by the Syrian crisis were detected 

using land cover changes in agricultural 

vegetation due to reduced irrigation in 

unstable regions. Geospatial services in 

support of EU external action (G-

SEXTANT) developed this process as part 

of their work funded by EC-FP7. 

Very high resolution (VHR) satellite 

imagery is exponentially being created. 

Automatic quantitative analysis at a global 

scale, such as global land cover change 

mapping at high semantic granularity is 

another area where SIAM™ has been 

applied (Baraldi 2011) and will continue to 

be useful. Various examples are presented 

in Baraldi (2011), but one key example is a 

United States wide pre-classification map 

automatically generated at NASA and the 

USGS based on Landsat-7 mosaics from 

2008.  

The biggest challenge facing SIAM™ will 

likely be related to changing input data. 

Due to technological advances, it is 

unlikely that 8-bit data will continue to be 

used frequently for remote sensing imagery 

in favor of 12- or 16-bit data, assuming data 

storage and transfer infrastructure to 

handle such data volume. It is also clear 

from the comparison of Landsat-8 at 30m 

spatial resolution to Sentinel-2’s 10m that 

finer spatial resolution makes a difference 

in the quality of output, mostly due to 

smaller pixels internally covering relatively 

more homogenous areas when compared 

to larger pixels. The bandwidths of defined 
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spectral bands between different sensors 

also vary, sometimes considerably. 

Sentinel-2 data is only recently available. 

Differences between Sentinel-2 and 

Landsat-8 with regard to the target 

wavelengths and bandwidths of spectral 

bands ought to be explored. This includes 

the issue of Sentinel-2 lacking a thermal 

band. Different spectral bandwidths 

between sensors definitely have an effect 

on SIAM™ output since the process is 

based purely on spectral information. 

It must be noted that the categories are 

unwieldy. An excel table exists explaining 

the abbreviated sub-symbolic meanings for 

each semantic level associated with a 

defined pseudo-color. This would be an 

area for improvement. 

One of the largest challenges of increasing 

radiometric resolution as well as finer 

spatial resolution is the sheer size of data 

files. Even if SIAM™ continues to only 

work with 8-bit data, finer spatial 

resolutions lead to longer calculation times 

(e.g. 5 minutes for Landsat and 15 minutes 

for Sentinel, which was roughly a quarter 

of the area of the Landsat image) and larger 

output files. Modifications to the software 

will eventually need to occur to 

accommodate changing input data formats 

while still allowing historical 8-bit data to 

be analyzed for land-use change analysis, or 

other applications. 

Conclusion 

SIAM™ provides an automatic and reliable 

deductive pre-classification of Landsat-8 

and Sentinel-2 images. How these semi-

concepts from pre-classification can be 

further used is a developing area in remote 

sensing. Pre-classifying Sentinel-2 data 

with SIAM™ would be a particular area for 

further research, especially with regards to 

the absence of a thermal band. Promising 

areas of application include automatic 

workflows for land-use change analysis and 

automatic image pre-classification for 

semantic database queries, both of which 

are being pursued by researchers at Z_GIS 

at the University of Salzburg. 
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