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Introduction 

Remote sensing of soils and geology often relies on 

approaches that directly identify minerals within 

hyperspectral images. To achieve this, unknown image 

spectra are statistically compared with known library 

or in situ spectra. Field samples are often additionally 

analysed by X�Ray diffractometry (XRD) and by fluo�

rescence spectroscopy (XRF) for identification and 

quantification. Based on geochemical and spectro�

scopic analyses the absorptions of different minerals 

are identified or modelled and defined as diagnostic 

spectral features. These features are to some extent 

unique for each mineral. Additionally, analysed 

minerals are assumed to be pure or spectral impacts 

of insignificant fractions of elements on mineral 

compounds are neglected. However, minerals often 

form partial solid solutions, e.g. pyroxenes. Rocks that 

are built by rock forming minerals might be unique in 

texture and spatial distribution according to their 

geological and petrologic evolution. Hence, in situ, 

airborne and spaceborne acquired spectra show 

rather unique regionrelated min�eral mixtures than 

pure minerals. This makes it more difficult to identify 

observed minerals and their fractions within one pixel. 

Since mineral identifications are frequently conducted 

in mountain�ous regions shadows aggravate any kind 

of identification due to the decrease of reflected 

incident radiation. Contemporary hyperspectral 

sensors may considerably differ in their sensing 

principle, spectral and spatial resolution. This leads to 

sensor�specific scaling phenomena between the sen� 

sors and in situ or laboratory spectroscopy. 

Within the framework of the EnMAP project [1] an 

approach was developed – named EnMAP Geological 

Mapper (EnGeoMAP) — that aims on the reduction of 

the previously described signal impacts. The core 

algorithm of the EnGeoMAP is similar to the broadly 

accepted Tetracorder [2] that represents a broadly 

accepted, knowledge�based expert system for the 

spectroscopic differentiation of minerals. However, it 

dynamically and iteratively utilises properties of the 

inspected acquisition and its sensor. Characteristics such 

as sensing geometry, spatial and spectral resolution and 

terrain are considered. It consists of a multistep 

algorithm and enables soil and geological ap�plications 

such as mineral mapping, alteration zone detection, 

mine waste characterisation and many more. Addi�

tionally, quality flags for each inspected pixel are given. 

These can be incorporated in further analyses, e.g. 

classifications, or in succeeding iterations. The approach 

was tested in the Makhtesh Ramon of the Negev Desert 

in Israel. Here, geology has been studied for dec�ades. 

One artificial EnMAP scene was synthesised on the basis 

of one real hyperspectral airborne scene to objectively 

evaluate the EnGeoMAP identification results of a 

spaceborne hyperspectral acquisition. 
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Abstract. Hyperspectral imaging spectroscopy offers a broad range of spatial applications that are primarily based on the foregoing 

identification of surface cover materials. In this context, the future hyperspectral sensor EnMAP will provide a new standard of 

highly qualitative imaging spectroscopy data from space that enables spatiotemporal monitoring of surface materials. The high 

SNR of EnMAP offers the possibility to differentiate and to identify minerals that are showing characteristic absorp�tion features as 

a 30 m × 30 m spatial mixture in the visible, the near infrared and the short wave infrared range (0.4–2.5 µm). For this purpose, 

spectral mixture analysis (SMA) approaches are traditionally used. However, these approaches lack in transferability, repeatability 

and inclusion of sensor characteristics. Additionally, they rely on image�based and randomly detected endmembers as well as on 

in situ or laboratory spectra that are not spatially stable in case of an imagebased extraction and are assumed to be spectrally pure. 

In this work, a new framework is proposed that addresses these limitations considering the EnMAP sensor characteristics. It is 

named EnMAP. Geological Mapper — EnGeoMAP. It consists of several new and adapted approaches to identify spectrally 

homogeneous regions. In parallel, minerals are identified and semi�quantified by a sen�sor�related and knowledge�based fitting 

approach. Supplementary outputs are abundance, classification, homogeneity and uncertainty maps. First results show that the 

proposed approach offers 100% repeatability and gains an identification error for minerals of about 2% on average for differ�ent 

studies. In this work, an approach is proposed that aims on spectroscopic mineral modelling by image synthesis that might be 

applied for geological mapping. 
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Materials and methods 

The Makhtesh Ramon of the Negev desert in Israel 

(Fig. 1) was selected as case study region. The Makhtesh 

consists of different mineral compounds that are known 

and useful for testing geologically related remote sensing 

algorithms [3]. In preparation for the EnMAP mission an 

atmospherically corrected hyperspectral AISA DUAL [4] 

scene was used as a basis to simulate an EnMAP scene 

with the EnMAP�End�to�End�Simulator — EETES [5]. 

This scene was acquired on the 15.03.2004 at 30.4°N/ 

34.5°E incorporating a sun azimuth of 2100 and a sun 

elevation of 54°. 

During the EETES simulation many sensor parameters 

from the manufacturer were considered, such as the 

orbit parameters, Point Spread Function (PSF) for each 

detector, spectral and radioetric responses. In con�

sequence, the simulated EnMAP scene consisted of 244 

bands ranging from 400 to 2500 nm and incorporating 

a ground sampling distance (GSD) of 30 m. In this work, 

we focused on the spectral range from 2 to 2.5 µm of 

the Shmost significant diagnostic spectral features of 

minerals. 

Fig. 2. Deviation of the ratio between diffusive and total radiation from linearity 

Fig. 1. Case study region Makhtesh Ramon here figured as hill shaded 3D false colour composite that is grey overlayed by the extent of the hyperspectral 
AISA DUAL acquisition (RGB = Landsat TM (GSD 30 m) mineral ratios 5/7 (clays), 5/4 (feDEM (is a product of METI and NASA, GSD 15 m)) 

In addition, missing illumination caused by shadow 

casting objects such as mountains can be nearly linearly 

continuum normalised (compare Figure 2 that shows 

an average deviation from linearity of about 0.8%) only 

in the SWIR range. 

Due to inadequate research on the impact of 

shadow and its removal approaches on mineral 

identification techniques, the scene was not correc�

ted for shadows. However, the analysis of shadowed 

regions implies a reduction of the identification 

accuracy, since the Signal�to�Noise�Ratio (SNR) is 

significantly lower than in directly illuminated 

regions. Although this effect is broadly accepted, 

most geological mappers [6] do not fully consider the 

relationship between SNR and identification ac�

curacy. Most of them directly compare known library 

spectra with unknown spectra directly assessed from 

the image as endmembers [7]. In this work, we rely 

on the USGS spectral library [8] and the feature 

descriptions of the Tetracorder [2]. However, this 

algorithm can be considered as a knowledge�based 

expert system to directly identify spectra of hyper�

spectral acquisitions. The Tetracorder has proven its 
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. 

applicability in the past, but provides only limited 

capabilities of analysing mineral compounds by 

modelling abundances of exclusive features [2]. 

However, this algorithm and other widely used 

alogorithms [6] only consider the spectral cha�

racteristics of the sensor but not the spatial impact 

of the GSD and the PSF on the distribution and the 

abundances of spectra. 

In this work, we propose a sensor�related approach 

that fully incorporates sensor characteristics such as 

the Spectral Response Function (SRF) and the PSF. 

With increasing sensor GSD the likelihood of having 

spectrally pure material in one pixel decreases. To 

avoid confusion, the material compound of each pixel 

is here considered to be a mixture and spectrally 

homogeneous regions are considered to be flat fields 

composed of basic mixtures. This definition is 

independent of the sensor and the acquisition 

geometry. Furthermore, it was assumed that in 

spectrally homogeneous regions (flat fields) pixels are 

linear mixtures also incorporating adjacent pixels 

within the effective range of the PSF for this detector 

and wavelength. The relevant range used for this work 

was 99 % of the PSF’s volume. Additionally, it was 

assumed that the PSF of different detectors are similar 

shaped and per scene constant. In this case, each pixel 

of a flat field is an isotropic mixture of itself and its 

neighbourhood. Nonlinear effects in flat fields only 

exist, if BRDF effects occur and, hence, the spatial 

extent of inspected neighbourhood should be rather 

narrow. 

The EnGeoMAP consists of three modules — the 

FeatureLUT, the Basic Mixture identification and the 

Mixture analysis that are sketched in Fig. 3 and 

described in more detail in the following. 

Module 1 — FeatureLUT 

The Look�Up�Table (LUT) of the EnGeoMAP named 

FeatureLUT consists of more than 100 mineral spectra 

and their feature and fitting descriptions from USGS. It 

is similar to the Tetracorder [2] but extended with 

additional entries for chemical formulas, mineralisation 

type, alteration type etc. 

To use the library and the feature descriptions with 

different sensors, all criteria and spectra were resampled 

to 1 nm resolution. In case spectra and criteria had a 

lower spectral resolution than 1 nm, Hermite Splines 

were used for interpolation. After resampling to 1 nm, a 

re�usable FeatureLUT was created that is still sensor� 

independent. This sensor�independent FeatureLUT is 

Fig. 3. Workflow and relation of the modules of EnGeoMAP 

then resampled to the sensor. The spectral resampling 

is performed by spectral deconvolution [9]. Knowledge� 

based fitting thresholds are also adapted in the process 

of resampling. This is necessary because predefined 

thresholds (as in Tetracorder) depend on incorporated 

sensors leading to misidentifications of spectra acquired 

by sensors with a higher spectral and spatial resolution 

and a better SNR. After resampling, the FeatureLUT is 

sensor�dependent, re�usable for this sensor unless its 

characteristics have changed, and it serves as a basis for 

next processing steps of the EnGeoMAP. 

Module 2 — Basic Mixture identification 

This module consists of three steps — the flat field 

detection, the mineral identification (core of the 

EnGeoMAP) and a Bounded Value Least Squares (BVLS) 

unmixing. 

The flatfield detection is based on the assumption that 

in spectrally homogeneous regions mixtures are related 

to the PSF. In this process a moving window of an 

adapted size that relates to the 99 % volume threshold 

of the mean sensor PSF is used to locally compute the 

uncentred Pearson correlation coefficient between the 

spectrum of the centre pixel of the window and the 

spectra of all the neighbours within this window. To 

suppress albedo effects, the continuum of each spectrum 

is removed by normalising with its Delaunay ap�

proximated convex hull. In the process of continuum 

removal, concave curve shapes are preserved that 

correspond to absorptions. If all fits pass a predefined 

fitting threshold (by default 0.99), the pixel is binary 

marked as flat field pixel. This is performed for all pixels 

in the scene and results are stored in a binary map where 

all flat field pixels are marked. 

After detecting flat field locations the mineral 

identification is carried out. For this, each spectrum of 

the flat field is fitted towards all library spectra of the 

FeatureLUT within their specific diagnostic features 

described by Tetracorder. All fits that pass the sensor� 

adapted thresholds, similar to Tetracorder, are stored in 

a local pixel�related list. After this, a BVLS unmixing is 

performed for this pixel that excludes all identified 

spectra that do not pass an unmixing threshold (by 

default 5 %, but SNR dependent) to remove outliers that 

are too noisy and not significantly abundant. All 

remaining, identified spectra are stored in a global list 

and all identification results for this pixel are rejected. 

Then, the next pixel of the flat field is considered and 

the global list is updated. This is performed until all pixels 

of the flat field have been inspected. Consequently, a 
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global list of matching spectra is created that is directly 

used in the next step. 

Module 3 — Mixture analysis 

In this step, all pixels are linearly unmixed on the basis 

of the global list by the BVLS. Again, outliers are removed 

by applying an abundance�related threshold (also 5 % 

minimum abundance by default, but SNR dependent). 

After this, the image is synthesised by using previously 

estimated abundances of identified mineral spectra. 

This enables a model image to be generated that is 

directly comparable with the continuum removed real 

image. Consequently, each pixel gets an individual model 

error that helps to distinguish regions where spectra 

were accurately identified from problematic regions 

such as shadow regions. Additionally, a next iteration can 

be applied starting with module 2 to exclude these areas 

in advance. 

As a result, each individual pixel provides wavelength� 

dependent information of mineral abundances, error 

budget and flat field potential. This is then directly 

applicable to hydrothermal alteration mapping in a next 

step such as spatial pattern analyses. 
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Fig. 4. Inversed colour composite for the clay absorption at 2.2 µm of the real image (top) and the model image (bottom) 

Fig. 5. Sample plots of continua removed modelled (fully analysed) spectra vs. real spectra —Plot 1: 60% Carbonate, 10% Epidote, 30% Clay and a 
model error of 4% — Plot 2: 30% Carbonate, 70% Clay and a model error of 15% — Plot 3: 75% Carbonate, 25% Clay and a model error of 0% 

Results 

The potential of the EnGeoMAP is here exemplarily 

demonstrated for the analysis of one hyperspectral, 

synthesised EnMAP scene. The evaluation of the results 

is based on the assumption that only a correct iden�

tification of diagnostic features and a correct estimation 

of abundances of minerals provide low deviations 

between modelled and real image spectra. The bands 

that encompass dominating mineral absorption features 

should be spatially and spectrally equivalent. This 

condition was mostly fulfilled for given examples 

(Figure 3). 

For the 2.2 µm band shown in Fig. 4 a deviation 

between the model and the real image of about 0.5% was 

achieved that is close to the overall accuracy of 0.8% on 

average for all bands. However, the accuracy of 

EnGeoMAP is decreased up to 20 times for the whole 

spectral range in low SNR regions. Comparing the mean 

ratio of the diffusive to total radiation within the spectral 

range between 2 and 2.5 µm (about 10%) with the 

accuracy decreasing rate (about 20 times) for low SNR 

regions as in shadows clearly shows a strong relationship 

between the accuracy and the SNR. This is also shown 
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in Fig. 5 for three plots representing three different 

extreme SNR scenarios (Plot 1 — average SNR, Plot 2 — 

low SNR, Plot 3 — high SNR). 

Considering only the results for these extreme regions 

reveals the range of potential uncertainties in assessing 

mineral contents, although the assessment is super�

imposed by the evaluation of nonrelevant spectral 

regions. This is exemplarily shown in Fig. 6 depicting the 

maximum error along the spectral dimension for each 

analysed pixel and its likelihood for a low albedo. 

In any case, analyses in low SNR regions as in shadows 

should be marked spatially and error budget�related to 

avoid relying on average error budgets for the whole 

scene. A positive side effect is the potential of having 

weights for succeeding analyses such as classifications 

as given in Fig. 7 that illustrates abundance dominating 

minerals. 

In all, EnGeoMAP achieves an identification accuracy 

of about 99% on average and of about 98% on average for 

the maximum error budgets along the spectral dimension. 

Uncertainties in the BVLS unmixing and in the 

identification of minerals in low SNR regions have 

remained so that pixel�based error budgets can be used 

to exclude erroneous analyses from further processing 

such as classification. 

Conclusions 

EnGeoMAP achieved high identification accuracy for 

this case study region. It is completely unsupervised, 

100% repeatable since no random statistics are used, 

platform�independent and will be freely available as 

soon as it is implemented in the free EnMAP software 

named EnMAP box. Addtionally, spectral and spatially 

homogeneity maps are provided that might be useful for 

other processing such as segmentation. Currently, more 

hyperspectral scenes are acquired in Southern Africa, 

Mongolia and Spain that will be used to verify and further 

improve the proposed EnGeoMAP approach. Ad�

ditionally, XRD and XRF data will be analysed to evaluate 

both the reliability of the reference spectral library and 

the mapping results. 

Fig. 6. Upper two quartiles of shadow and dark material abundances (top) and error budget for this scene (bottom, maximum 16% and minimum 0%) 
having a common spatial correlation of 88% on average 

Fig. 7. False coloured RGB  abundance composite of dominating minerals (Red — Carbonates, Blue — Epidote, Green — Clay minerals) 
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ENGEOMAP — ІНСТРУМЕНТ ДЛЯ ГЕОЛОГІЧНОГО КАРТОГРАФУВАННЯ ДЛЯ ENMAP�МІСІЇ 

К. Рогасс, К. Сегл, К. Мільке, І. Фукс, Г.  Кауфман 

Резюме. Гіперспектральна відеоспектроскопія має широкий діапазон прикладних програм для дистанційної ідентифі�

кації матеріального складу поверхневого шару денної поверхні. У зв’язку з цим відмічається, що перспективний гіперс�

пектральний сенсор ENMAP забезпечить отримання даних космічної відеоспектроскопії нового рівня якості, що дозво�

лить вести дистанційний просторово�часовий моніторинг матеріального складу земної  поверхні. Високий рівень відно�

шення сигнал/шум ENMAP  дозволяє розрізняти та  ідентифікувати окремі мінерали усередині субстрату на площі 30 ×  30 

метрів по характерному поглинанню випромінювання у видимій, ближній і середній інфрачервоних зонах спектру (0,4– 

2,5 мкм). Зазвичай в подібних завданнях використовуються підходи, засновані на методах розділення спектральних сум�

ішей. Проте цим підходам бракує відтворюваності, повторюваності і незалежності від характеристик сенсора. Крім того, 

вони суттєво залежать від незмішаних спектрів, що довільно призначаються на зображенні, а також від отриманих in situ 

або лабораторно спектральних характеристик, які вважаються незмішаними, але є просторово нестабільними. У даній 

роботі запропоновано новий інструмент, який усуває ці обмеження стосовно характеристик сенсора ENMAP. Цей інстру�

мент має назву ENMAP Geological Mapper — Engeomap. Він полягає в поєданні нових і вдосконалених методів ідентифі�

кації спектрально однорідних ділянок.  Мінерали ідентифікують і  приблизно оцінюють їх відносну кількість  на основі 

даних, отриманих сенсором і відповідного інтелектуального підходу. Можуть формуватися і інші продукти у вигляді карт 

розподілів, однорідностей, змін. Перші результати показують, що запропонований підхід забезпечує 100% відтворюва�

ності і дає середню помилку ідентифікації мінералів близько 2%. Запропонований в роботі підхід націлений на спектро�

скопічне моделювання синтезу зображень мінералів, що може бути корисне при геологічному картографуванні. 

Ключові слова:  гиперспектральна відеоспектроскопія, геологічне картографування, місія EnMAP, ідентифікація міне�

ралів, аналіз сумішей 

ENGEOMAP — ИНСТРУМЕНТ ДЛЯ ГЕОЛОГИЧЕСКОГО КАРТИРОВАНИЯ ДЛЯ ENMAP�МИССИИ 

К.  Рогасс, К.  Сегл, К.  Мильке, И. Фукс, Г.  Кауфман 

Резюме. Гиперспектральная видеоспектроскопия располагает широким диапазоном прикладных программ дистанци�

онной идентификации вещественного состава земной поверхности. В этой связи отмечается, что перспективный ги�

перспектральный сенсор EnMAP обеспечит получение данных космической видеоспектроскопии нового уровня каче�

ства, что позволит вести дистанционный пространственно�временной мониторинг минерального состава земной по�

верхности. Высокий уровень отношения сигнал/шум EnMAP позволяет различать и идентифицировать минералы внут�

ри субстрата  на площади 30 × 30 метров по характерному поглощению излучения в видимой, ближней и средней инф�

ракрасных зонах спектра (0,4–2,5 мкм). Обычно в подобных задачах используются подходы, основанные на методах 

разделения спектральных смесей. Однако этим подходам не достает воспроизводимости, повторяемости и независимо�

сти от характеристик сенсора. Кроме того, они существенно зависят от произвольно назначаемых на изображении не�

смешанных спектров, а также от полученных in situ или лабораторно спектральных характеристик, которые считаются 

несмешанными, но являются пространственно нестабильными. В данной работе предложен новый инструмент, кото�

рый устраняет эти ограничения применительно к характеристикам сенсора EnMAP. Этот инструмент называется EnMAP 

Geological Mapper – EnGeoMAP. Он заключается в совокупности новых и усовершенствованных подходов к идентифика�

ции спектрально однородных участков. Минералы идентифицируются и приблизительно количественно оцениваются 

на основе сенсор�зависимых данных и соответствующего интеллектуального подхода. Могут формироваться и другие 

продукты в виде карт распределений, однородностей, изменений. Первые результаты показывают, что предложенный 

подход обеспечивает 100% воспроизводимости и среднюю ошибку идентификации минералов около 2%. Предложен�

ный в работе подход нацелен на спектроскопическое моделирование синтеза изображений минералов, что может быть 

полезным при геологическом картировании. 

Ключевые слова: гиперспектральная видеоспектроскопия, геологическое картирование, миссия EnMAP, идентифика�

ция минералов, анализ смесей 


