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Abstract. Thermal infrared (TIR) satellite remote sensing is essential for monitoring land surface temperature (LST) and 

surface energy fluxes, supporting applications in hydrology, agriculture, climate, and urban climate. Existing TIR missions—

such as LANDSAT, ASTER, ECOSTRESS, and Sentinel-3 SLSTR—offer complementary capabilities but remain constrained 

by trade-offs between spatial resolution, revisit frequency, and radiometric accuracy, limiting their ability to capture rapidly 40 

evolving surface processes at field to regional scales. 

The TRISHNA (Thermal Infrared Satellite for High-Resolution Natural Resource Assessment) mission, expected in 2027, 

addresses this gap by providing 60 m TIR imagery over a ~1000 km swath with sub-weekly revisit, enabling systematic 

monitoring of surface energy processes in natural and managed ecosystems. Its integrated design —including orbit 

configuration, spectral channels (VNIR, SWIR, TIR), viewing geometry, and calibration strategy— supports accurate 45 

retrievals of evapotranspiration, vegetation water stress, and surface temperature dynamics. Synergies with upcoming missions 
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such as ESA’s Land Surface Temperature Mission (LSTM) and NASA’s EAGLE mission (Explorer for Artemis Geology 

Lunar and Earth) will enhance temporal coverage, cross-calibration, and long-term data continuity. 

1 Introduction 

Thermal infrared (TIR) satellite remote sensing is a fundamental component of Earth observation, enabling the monitoring of 50 

land surface temperature (LST) and surface energy exchanges across a wide range of spatial and temporal scales (Li et al., 

2013). The spatial and temporal variability of the LST reflects the combined effects of surface properties, vegetation cover, 

soil moisture, and atmospheric forcing, making it a physically rich indicator of surface processes (Anderson et al., 2008). 

Satellite-derived LST has become indispensable for numerous scientific and operational applications. In hydrology and 

agronomy, LST is a central input for evapotranspiration estimation (Kalma et al., 2008) and vegetation water stress monitoring 55 

(Boulet et al., 2007), directly supporting irrigation management and food security assessments (Bastiaanssen et al., 1998, 

Courault et al. 2005). In climate and environmental studies, LST contributes to the analysis of surface warming trends, heat 

extremes, and land–atmosphere feedbacks, while in urban environments it enables the characterization of thermal 

heterogeneity and urban heat island intensity (Voogt and Oke, 2003). Moreover, LST is a key variable for monitoring 

environmental phenomena: pollutant degradation (Louchart and Voltz, 2007), pathogen dissemination (Sobrino et al., 2016). 60 

These applications require observations with high spatial resolution, frequent revisit, and robust radiometric accuracy. 

Existing spaceborne thermal infrared missions provide complementary but incomplete coverage of user needs (Cawse-

Nicholson et al., 2026). Indeed, from an observational standpoint, existing thermal infrared missions span a wide but 

fragmented range of spatial and temporal scales. The LANDSAT series provides TIR observations at native spatial resolutions 

of 100 m (resampled to 30 m), with a swath width of ~185 km and a nominal revisit period of 16 days per satellite, which 65 

limits its ability to monitor rapidly evolving surface thermal and hydrological processes (Markham et al., 2012; Barsi et al. , 

2010). ASTER (Abrams et al., 2002) provides global land surface multispectral products derived from 14 spectral bands 

spanning VNIR, SWIR, and TIR, with spatial resolutions of 15 m (VNIR), 30 m (SWIR), and 90 m (TIR), again with a revisit 

time of ~16 days. The TIR instrument was decommissioned in 2026. ECOSTRESS (Fisher et al., 2020) provides variable local 

overpass times from the International Space Station (ISS), with spatial resolutions of approximately 70 m. However, its 70 

coverage is geographically irregular, as its revisit depends on latitude and ISS orbit dynamics, and its swath width remains 

limited (384 km) relative to global mapping requirements. There are also several missions at coarser resolution such as 

Sentinel-3 SLSTR (Pérez-Planells et al., 2021) providing highly stable, radiometrically accurate TIR measurements with near-

global coverage, wide swath (~1400 km), and revisit times of one to two days, but at spatial resolutions of about 1 km, which 

are insufficient for field-scale agricultural, hydrological, and urban applications. There are also privately owned high-75 

resolution satellites with TIR capability, which are designed to acquire data on demand. 

The French scientific community has identified the gap in TIR observation capability three decades ago and submitted various 

proposals to CNES (Centre National d’Etudes Spatiales) and ESA (European Space Agency). IRSUTE (InfraRed minisatellite 

for Surface Temperature and emissivity estimation for land sUrface heat flux Estimation, Seguin et al., 1999) was a TIR 

satellite mission concept developed in the 2000s, primarily within the French scientific community with strong involvement 80 

from CNES and academic laboratories. Although IRSUTE was not selected for flight, its scientific legacy gave birth to the 

following studies: MISTIGRI, a study for a microsatellite in the thermal infrared conducted from 2009 to 2012 by CNES in 

cooperation with Spain (Lagouarde et al., 2013) and TIREX (Sobrino et al., 2010), a proposal made at ESA to the Earth 

Explorer 8 call for Opportunity Missions. These projects proposed to combine high spatial resolution (~50 m), with high revisit 

capabilities of 1 or 2 days. Due to constraints of the microbolometer technology, these missions were designed for 85 

demonstration, i.e., targeting only a few selected regions on the planet. None of them progressed beyond the concept phase. 
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Recent technological progress across detector physics, instrument design, calibration systems, and data processing 

infrastructure has opened new opportunities for TIR Earth observation. Historically, high spatial resolution TIR imaging from 

space was limited by the need for large, cryogenically cooled detectors and complex radiometric calibration systems, which 

increased mass, cost, and mission risk. Advances in large-format infrared focal plane arrays, improved cryocooler efficiency, 90 

and onboard calibration techniques now make it feasible to achieve high radiometric sensitivity and stability in moderate-sized 

platforms suited for systematic Earth observation (Han and Zhang, 2022). 

These technology enablers are directly reflected in a new generation of multispectral thermal infrared instruments, which was 

pioneered by the Prototype HyspIRI Thermal Infrared Radiometer (Lee et al., 2015). The THIRSTY (Thermal InfraRed 

Imaging Satellite for sTudY) mission was a joint CNES–JPL mission concept developed in the late 2010s based for the first 95 

time on this compact, cost-effective payload, consistent with medium- to small-class mission constraints (Crebassol et al., 

2014). The mission itself was not pursued, as the instrument was ultimately selected for the ECOSTRESS mission, which 

became operational aboard the International Space Station in 2018. However, ECOSTRESS is not suitable for consistent large-

scale monitoring because of its irregular revisit time, non-systematic acquisition, and lack of global coverage due to its position 

on the ISS. 100 

TRISHNA (Thermal Infrared Satellite for High-Resolution Natural Resource Assessment, CNES/ISRO), expected to be 

launched in 2027, is designed to fill the observational gap between the existing systems by combining high spatial resolution 

thermal infrared imaging (less than 100 m) with a wide swath (~1000 km) and a revisit frequency of a few days at mid-

latitudes. With this configuration, systematic, repeatable monitoring of land surface temperature and water stress is possible 

at spatial scales compatible with agricultural plots, irrigation districts, and heterogeneous landscapes, while maintaining 105 

temporal sampling adequate for capturing surface energy balance dynamics. As such, TRISHNA complements LANDSAT’s 

spatial detail, ECOSTRESS’s diurnal sensitivity, and Sentinel-3’s global continuity, while uniquely addressing the 

requirements of operational water resource management and ecosystem monitoring. 

However, it became clear that complimentarity of VNIR and SWIR observations is essential to achieve full potential of science 

and applications from TIR observations, as will be discussed in the following sections. ISRO has the legacy of conceptualizing 110 

and realizing wideswath four-band VNIR-SWIR Advanced Wide-Field Sensor (AWiFS) in Resourcesat series (1, 2, 2A), 

capable of observing land surface for natural resource monitoring at 56m spatial resolution with 5-day revisit period 

(Navalgund et al., 2007). The combination of CNES's four-band TIR payload and ISRO's seven-band VSWIR payload makes 

TRISHNA a unique global mission and the first of its kind. 

The Land Surface Temperature Monitoring mission (LSTM), an ESA Copernicus expansion mission planned for the end of 115 

the decade, targets ~50 m thermal infrared resolution with a revisit period of 2 days (Koetz et al., 2018). The Surface Biology 

and Geology (SBG) mission, led by NASA in collaboration with the Italian Space Agency (ASI) and recently renamed EAGLE 

(Explorer for Artemis Geology Lunar and Earth), is designed to deliver high-resolution TIR imaging as part of its synergistic 

thermal, spectral, and SWIR payload suite, supporting global mapping of surface properties with plot-scale thermal detail 

(Stavros et al., 2023). The near-concurrent launch schedule (late-2020s / early-2030s timeframe) between TRISHNA, LSTM, 120 

and EAGLE-TIR promise enhanced temporal sampling and continuity in high-resolution land surface temperature products, 

supporting integrated studies of evapotranspiration, water stress, and surface energy dynamics at scales required for climate 

adaptation and resource management. 

The data policy of the TRISHNA mission is aligned with the principles of the Copernicus program, under which data and 

information are made available “on a free, full and open basis” to all users worldwide upto certain spatial resolution, as 125 

established by the European Commission (Commission Delegated Regulation (EU) No 1159/2013) and and the Indian Space 

Policy (https://www.isro.gov.in/media_isro/pdf/IndianSpacePolicy2023.pdf). Adopting such a free, full and open access 
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approach for TRISHNA data aims to maximize their scientific and societal impact and to strengthen synergies with 

complementary missions. 

The TRISHNA mission concept was introduced in Lagouarde et al., 2019, which provided a first comprehensive overview of 130 

the mission objectives and design. However, since this early definition phase, the mission has undergone significant 

maturation, including refinements in instrument characteristics, orbit configuration, product definition, calibration strategy, 

and ground segment architecture. An updated and more detailed description of the TRISHNA scientific rationale, mission 

design and system architecture is therefore proposed in this article, in order to reflect its current status and to provide the 

scientific community with an accurate and consolidated reference. 135 

The mission design is primarily driven by the need to monitor ecosystem stress and water use, as well as coastal and inland 

waters, while also supporting applications such as urban microclimate characterization, cryospheric processes, and solid Earth 

studies. The design drivers place stringent requirements on spatial resolution, revisit frequency, spectral coverage, radiometric 

accuracy, and geometric performance, which are addressed through an integrated mission design approach. 

Subsequent sections detail the mission design, including orbit selection, local observation time, viewing geometry, and spectral 140 

configuration, with particular emphasis on the definition of the thermal channels, and on the need for simultaneous VNIR, 

SWIR, and TIR acquisitions. The system and product architecture are then described, covering the flight and ground segments, 

processing chains, and data product levels. The article further outlines the calibration and validation strategy essential to 

ensuring data quality and long-term consistency, and discusses synergies with future and complementary missions. Together, 

these elements demonstrate how the proposed mission concept can deliver robust, interoperable data products that both 145 

complement and extend beyond current and planned capabilities for Earth system science and operational applications. 

2 Science and applications 

2.1 Ecosystem stress and water use 

Evapotranspiration (ET) is an Essential Climate Variable (ECV, Bojinski et al., 2014), and a core component of the terrestrial 

hydrological cycle, representing the main pathway of water transfer from land to atmosphere (Bastiaanssen et al., 1998; 150 

Courault et al., 2005; Kalma et al., 2008). It is a key variable for irrigation management, water resources planning, and 

ecosystem studies (Allen et al., 2007; Anderson et al., 2012). As an integrative indicator of plant water uptake and regulation, 

ET reflects vegetation water constraints and is closely linked to canopy conductance, soil moisture, and vegetation stress 

(Moran et al., 1994; Berni et al., 2009; Boulet et al., 2007). ET is also a key variable in hydrology as it governs soil moisture 

depletion in surface and root zones, thereby soil water availability to plants, influencing infiltration, runoff, recharge, and 155 

catchment-scale water balance (Kustas and Norman, 1999; Crow et al., 2008; Su, 2002; Schuurmans et al., 2003, Ollivier et 

al., 2021).  

Near-real-time ET is essential for irrigation scheduling and short-term stress detection (Anderson et al., 2012; Mu et al., 2013), 

whereas longer-term water accounting objectives can tolerate lower accuracy and latency (Jiang and Islam, 1999; Van der 

Kwast et al., 2009). Detecting temporal variability and trends in ET enable identification of emerging water stress, drought, 160 

and ecosystem vulnerability (Carlson, 2007; Anderson et al., 2007; Galleguillos et al., 2011), supporting adaptive irrigation, 

water footprinting, micro-watershed management, and early warning under climate variability and change (FAO, 2009; IPCC, 

2014). 

TRISHNA is primarily designed to address these challenges by providing routine, high-resolution global observations of land 

surface radiative temperature, enabling robust ET and vegetation stress estimation using surface energy balance approaches 165 
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(Olioso et al. 2020; Boulet et al. 2015; Olioso et al. 2013; Mallick et al., 2014, Bhattacharya et al., 2022). Its strength lies in 

capturing rapid changes in surface water status during dry-down periods following rainfall or irrigation, when ET responds 

nonlinearly to soil moisture depletion (Boulet et al., 2007; Delogu et al., 2012). Since albedo is a large contributor to the error 

budget of the energy balance calculation (Olioso et al. 2020), in addition to its spectral sampling in the VIS/NIR/SWIR 

domains, TRISHNA’s orbital configuration and large field of view were designed to obtain at least three viewing angles every 170 

8 days to constrain a directional model and improve the knowledge of reflectance anisotropy (Leon-Tavares et al. 2024). 

The onset and propagation of pests and diseases such as desert locust (Nigam et al., 2026, rot-rust (Bhattacharya and 

Chatopadhyay, 2013) etc. in agriculture and forest ecosystems are often triggered through change in surface hydro-thermal 

conditions where noon-night LST play very important role. The delineation and persistence of coldwave and heatwave over 

crop fields can be monitored through high-frequent noon-night LST which form basis for agro-met advisory system 175 

(Bhattacharya and Nigam, 2024; Nigam et al., 2023). In addition, relative ET (ratio of ET and reference ET) and evaporative 

fraction from TIR-VNIR have been demonstrated to be an important input for crop yield estimation (Mallick et al., 2009; 

Bhattacharya et al., 2011). Plant mortality and phenological change due to higher soil and canopy temperature in forest 

ecosystem especially in Alpine (Chandra et al., 2022) is an important indicator of short-term climate change. 

Crop water consumption and crop water productivity (ratio of yield or biomass or primary productivity and water seasonal or 180 

stage-specific water consumption) are the indicators of farm water footprint. Low water consumption but high crop water 

productivity indicates good performance of farm. Daily ET and its summation over a given period (season or stage) quantifies 

crop-soil system water consumption. Moderate-resolution high-repeat noontime thermal remote sensing and ET derived from 

surface energy balance were utilized to discriminate water consumption pattern of a variety of crops (Mallick et al, 2009). For 

optimized agricultural water management, it is necessary to decouple blue and green water consumption and productivity 185 

where irrigation is applied depending on rainwater availability. Independent estimate of ET from thermal remote sensing 

alongwith rainfall was used to estimate blue and green water consumption and productivity at coarser scale in India (Choudhury 

and Bhattacharya, 2021). 

2.2 Monitoring of coastal and inland waters 

Sea Surface Temperature (SST) and Lake Surface Water Temperature (LSWT) are designated as Essential Climate Variables 190 

(ECVs) by the Global Climate Observing System (GCOS). SST is fundamental for quantifying ocean–atmosphere exchanges 

and characterizing ocean circulation and biogeochemical processes (Donlon et al., 2009). In coastal regions, SST is closely 

linked to biological productivity when combined with indicators such as chlorophyll, turbidity, and suspended sediments 

(Behrenfeld et al., 2006; Li et al., 2003). Coastal regions exhibit strong spatial and temporal SST variability due to river plumes, 

estuaries, tidal mixing, upwelling, and sub-mesoscale dynamics (Huret et al., 2005; Chelton et al., 2007). These processes 195 

occur at scales of hundreds of meters to kilometers, requiring high-resolution observations (Capet et al., 2008; Fu and Ferrari, 

2008). Their rapid temporal variability further demands frequent revisit (Baschek and Molemaker, 2010; Holt et al., 2012). 

Coastal and inland waters reflect climate variability and anthropogenic pressures (Reinart and Reynolds, 2008; Pour et al., 

2012). They are both exposed to pollution, thermal discharges, and episodic disturbances affecting water quality and 

ecosystems (Grierson, 1998; Shih and Andrews, 2008; Pinel et al., 2013). In polar regions, sea-ice surface temperature controls 200 

ice extent, thickness, and climate feedbacks (Dean et al., 1994; Hall et al., 2004; Haggerty et al., 2003). 

TRISHNA’s high-resolution thermal infrared observations are suited to resolving strong thermal heterogeneity and rapid 

variability in coastal and inland waters. It will enable detection of narrow SST fronts and sharp gradients linked to river inputs, 
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estuaries, upwelling, and sub-mesoscale processes unresolved by current operational systems (Chelton et al., 2007; Holt et al., 

2012). Frequent revisit and day–night acquisitions will capture transient thermal structures driven by turbulence and changing 205 

forcing. Due to reduced solar heating, night-time data will support air–sea flux studies (Donlon et al., 2009). 

TRISHNA will fill a key observational gap for charaterizing sub-mesoscale phenomena (Kuroda et al., 2020, Tarantino et al, 

2012; Thomas et al., 2002) andvalidating high-resolution ocean and coastal models by systematically observing fine thermal 

structures (Capet et al., 2008; Gutknecht et al., 2013). Applications include monitoring pollutant discharges, estuarine and 

wetland exchanges, freshwater resurgences, Sub-marine groundwater discharge (SGD), water quality, algal blooms, and 210 

fisheries support (e.g.Cahyono et al, 2017; Cheng et al., 2020; Mallast et al., 2013; Mejías et al., 2012; Perez et al., 2017). 

TRISHNA will enable unprecedented monitoring of thermal dynamics in inland waters improving our capacity to quantify 

and anticipate climate change impacts on aquatic ecosystems and biodiversity (Danis et al., 2004, Bayer et al., 2013; Daufresne 

et al., 2009), supporting sustainable management and restoration efforts. Complementary VNIR and SWIR observations will 

provide additional information on water color, enabling improved detection of surface algal blooms, turbidity, and suspended 215 

matter through reflectance-based indicators, particularly in optically complex coastal and inland waters (Matthews 2011; Trinh 

et al., 2017), even if quantitative retrievals remain challenging due to the broad specral bands compared to dedicated ocean 

color missions having narrow spectral bands. 

2.3 Urban energy budgets and urban climatology 

Anthropogenic activities and urban expansion generate strong spatial variability in urban microclimates and systematic 220 

temperature differences between cities and their rural surroundings, known as the Urban Heat Island (UHI) effect (Masson et 

al., 2020). Increasing heat-wave frequency under climate change poses major health and economic risks, driving demand for 

improved heat monitoring and early warning systems (Dousset et al., 2011; Chakraborty et al., 2015; Zhou and Shepherd, 

2010; Masson et al., 2014). Among other solutions, vegetation can mitigate urban heat through shading and evapotranspiration 

while improving stormwater regulation (De Ridder and Lefebre, 2004; Maimaitiyiming et al., 2014). Accurate ET and LST 225 

estimates are therefore essential for urban water and energy budget assessment and for evaluating climate change mitigation 

strategies. LST also constrains urban atmospheric and air quality models (Quattrochi et al., 2006; Grimmond et al., 2011). 

Moreover, thermal infrared satellite observations are also central to characterizing UHI intensity and variability supporting 

heat stress evaluation (Voogt and Oke, 2003; Weng, 2009). 

Urban climate is shaped by complex three-dimensional urban canopies and heterogeneous land use, which modify airflow, 230 

surface roughness, and surface–atmosphere energy exchanges (Arnfield, 2003; Voogt and Oke, 2003; Martilli et al., 2002; 

Masson, 2006). Artificial materials with diverse optical and thermal properties further alter urban energy budgets (Carlson and 

Arthur, 2000; Roberts et al., 2012). TRISHNA’s high-resolution thermal infrared observations are well suited to capture urban 

heterogeneity, enabling consistent LST and ET measurements from neighborhood to city scales (Bechtel et al., 2012; 

Dominguez et al., 2011). The mission targets improved LST accuracy by addressing surface anisotropy, sub-pixel 235 

heterogeneity, and radiative interactions in complex 3D urban environments (Lagouarde et al., 2010a; Lagouarde et al., 2012, 

Roupioz et al., 2018). 

Advances in temperature–emissivity separation and multi-band TIR analysis provide a strong basis for urban applications 

(Gillespie et al., 1998; Oltra-Carrió et al., 2014; Sobrino et al., 2012; Michel et al., 2021). Improved LST accuracy at TRISHNA 

spatial and temporal resolutions will support robust indicators of thermal comfort and population vulnerability (Stathopoulou 240 

and Cartalis, 2009; Mukherjee et al., 2016). The combined use with urban morphology and surface properties data will also 
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enhance characterization of urban energy exchanges, airflow, and heat storage (Masson et al., 2020, Keravec-Balbot et al., 

2025), supporting fine scale Surface Urban Heat Island monitoring and heat-risk assessment for urban adaptation and 

mitigation policies. 

2.4 Cryosphere 245 

The cryosphere plays a critical role in global or local surface energy balance, hydrology, and climate feedbacks (IPCC, 2013; 

Benn and Evans, 2010). Snow surface temperature, emissivity, and albedo control radiative and turbulent fluxes, snow 

metamorphism, and melt timing (Gerland et al., 1999; Martinec, 1975; Singh and Singh, 2001; Kulkarni et al., 2006). These 

processes are essential for predicting runoff, flood risk, and seasonal water availability (Rathore et al., 2009; Singh et al., 

2014). 250 

Thermal infrared remote sensing provides key constraints for snow energy balance and melt models, particularly in data-sparse 

mountain regions (Hall et al., 1995; Hall et al., 2004; Kulkarni et al., 2006; Rathore et al., 2015). TRISHNA’s high-resolution 

thermal infrared combined with VNIR–SWIR observations will improve estimates of snow surface temperature, emissivity, 

and albedo estimates, particularly in the mountainous regions, enhancing snow energy balance and melt modeling (Hall et al., 

1995; Kulkarni et al., 2006). It will support monitoring of snow metamorphism through links between temperature, grain size, 255 

and albedo (Picard and Libois, 2024) and melt. A recent Observing System Simulation Experiment conducted by Alonso-

Gonzalez suggests that the assimilation of TRISHNA LST strongly improves the modelling of the snow water equivalent 

(Alonso-Gonzalez et al., 2023). 

Glacier monitoring is particularly challenging in debris-covered regions, where debris thickness strongly modulates melt rates 

(Benn and Evans, 2010; Rastogi and Ajai, 2013). Surface temperature measurements are essential for estimating glacier mass 260 

balance and assessing climate impacts, especially in high mountain Asia (Bhambri et al., 2013; Farinotti et al., 2015; 

Brahmbhatt et al., 2015). High-altitude lake temperature and ice phenology are also sensitive indicators of climate change 

(Hall et al., 2004). 

High-resolution thermal data will also improve monitoring of glacier ablation zones and debris-covered ice by resolving 

temperature contrasts linked to debris properties (Gardelle et al., 2013). 265 

2.5 Solid Earth 

High-resolution thermal infrared (TIR) remote sensing provides access to key surface properties such as land surface 

temperature, emissivity and thermal inertia, supporting a broad range of solid Earth applications (Wooster and Rothery, 2000; 

Ramsey and Harris, 2013). Rock-forming minerals exhibit diagnostic emissivity features within the 8–12 µm atmospheric 

window, enabling lithological discrimination and geological mapping using multi-band TIR observations (Guha and Vinod 270 

Kumar, 2016). Combined day- and night-time acquisitions further allow estimation of thermal inertia, providing additional 

information on surface composition and physical properties (Ogawa et al., 2004). TRISHNA's multi-band observations in the 

8–12 µm range, together with systematic day- and night-time acquisitions, will strengthen mineralogical mapping and thermal 

inertia retrievals at high spatial resolution. 

 275 

TIR observations also play a major role in monitoring active geological processes and natural hazards. In volcanic 

environments, thermal anomalies can reveal magma ascent, degassing, lava effusion, and changes in volcanic activity between 

eruptive phases (Harris et al., 1997; Dehn et al., 2002; Antoine et al., 2020). Surface temperature anomalies have also been 
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investigated as potential precursors of seismic activity and, when combined with geodetic observations, may improve the 

monitoring of earthquake preparation processes (Tronin, 2010; Majumdar, 2013; Saraf et al., 2016). TIR measurements are 280 

furthermore essential for detecting volcanic ash and SO₂ plumes, supporting operational volcanic ash advisory systems (Prata, 

1989; Realmuto et al., 1994; Watson et al., 2004; Carn et al., 2008; Prata, 2009). TRISHNA's high spatial resolution and 

frequent revisit will improve the detection and temporal monitoring of these thermal anomalies and complement SAR 

observations from missions such as NISAR for volcanic and seismic hazard assessment. 

 285 

Beyond volcanology, TIR remote sensing contributes to geothermal exploration by detecting persistent thermal anomalies 

associated with geothermal fluid circulation, including in arid environments (Coolbaugh et al., 2007; Qin et al., 2011; Lopez 

et al., 2020). It is also used for detecting and monitoring persistent surface and subsurface fires, mapping landslides, identifying 

underground cavities through thermal anomalies, and revealing buried archaeological structures (Kuenzer et al., 2008; Roy et 

al., 2015; Fauchard et al., 2024; Edde et al., 2025). The combination of TRISHNA's high-resolution TIR observations with 290 

VNIR–SWIR data will enhance the characterization of these features and improve hazard assessment and geological mapping. 

2.6 TRISHNA science team 

The TRISHNA science team is structured around a set of dedicated thematic working groups, each focusing on a specific 

scientific domain addressed by the mission. These groups include scientists from multiple esearch institutions and universities. 

This international and interdisciplinary organization ensures that expertise in thermal infrared remote sensing, land surface 295 

processes, cryosphere dynamics, solid Earth applications, hydrology, agriculture, and coastal and ocean sciences is fully 

integrated. Close interaction between scientists and space agency teams supports the definition of mission requirements, 

calibration and validation strategies, algorithm development, and product assessment. In addition, the science team actively 

considers the strong synergy between TRISHNA and forthcoming thermal missions LSTM and EAGLE-TIR, enabling cross-

mission consistency, products intercomparison, and enhanced spatio-temporal sampling. 300 

3 TRISHNA mission design 

3.1 High-level mission requirements 

Lifetime 

TRISHNA’s 5-year lifetime guarantees several full seasons of observation. This makes possible the observation of contrasts 

between successive years. Moreover, the longer the time in operations, the higher the chances to observe contrasted years for 305 

a given location, and possibly to document trends representative of expected changes related to global warming and climate 

drifts. Moreover, a longer life in orbit will favor a longer overlap period with following missions such as LSTM and EAGLE-

TIR, for a better interoperability and revisit time. Therefore, consumables will be available for a mission extension of minimum 

2 years.  

Near-Real-Time evapotranspiration (ET) for irrigation decisions 310 

Irrigation management benefits from having ET information with short latency (near-real-time or frequent updates) for the 

following reasons: (i) Irrigation scheduling precision: Frequent ET estimates help match water applications with actual crop 

water requirement (Corbari and Mancini, 2023); (ii) Water use efficiency: Accurate short-term ET allows for implementing 

Deficit Irrigation practices while preventing water logging (Wang et al. 2023,  Yu et al. 2020); (iii) Adaptive decision systems: 

Automated and sensor-based irrigation systems require up-to-date ET to trigger irrigation thresholds and dynamic water 315 

allocation (Garcia et al. 2020, Lakhiar et al. 2025); and (iv) Forecast irrigation: Short-term ET forecasts allow planning ahead 
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for irrigation needs under changing weather conditions (Han et al., 2022). Therefore, in order to demonstrate the operational 

use of the products for irrigation management, level 2 and 3 products will be delivered to the users 12 hours (goal) after the 

acquisition (as one says, “before the farmer’s breakfast”). Therefore, areas with high percentage of irrigated fields will be 

targeted for this real-time production. 320 

A free and open data policy 

TRISHNA data will be available with a full free and open data policy, in accordance with the Copernicus data and information 

policy of the European Union (European Commission, 2014; Regulation (EU) No 377/2014) as well as in accordance with 

Indian space policy, 2013 (https://www.isro.gov.in/media_isro/pdf/IndianSpacePolicy2023.pdf). The free, full and open access 

to TRISHNA data and Service information will stimulate the development of Science, Public Utility and Commercial 325 

Applications. 

3.2 Specifications driving orbit selection 

3.2.1 Global coverage 

Since the regions and sites addressed by the scientific themes – and particularly the two drivers: continental biosphere and 

coastal and continental water – are distributed all over the Earth, global coverage is required. Studies related to climate change 330 

only make sense if considered globally. Thus, the mission will provide global accessibility of all continental and coastal areas 

on the Earth Surface from a single platform. 

3.2.2 Revisit time 

The geometric access time, also referred to as the revisit time, is defined as the temporal periodicity of systematic acquisitions 

over a given area, independently of cloud cover. 335 

Global coverage will be achieved with a single satellite while maintaining a reasonable maximum viewing angle, limiting 

anisotropy effects, and avoiding excessive pixel distortion. The revisit time therefore results from an optimal trade-off between 

scientific requirements and geometric feasibility. From a geometric standpoint, revisit times shorter than three days would 

require unrealistically large swath widths to ensure global coverage: a two-day revisit (altitude 720 km) would necessitate 

viewing angles of approximately ±42°, while a one-day revisit (altitude 560 km) would require angles of approximately ±62°, 340 

which would lead to unacceptable radiometric and geometric distortions. 

The scientific requirements guiding the selection of the revisit time are detailed in the following subsections and include: (i) 

ensuring sufficient availability of cloud-free observations; (ii) achieving the required accuracy of derived geophysical products; 

and (iii) properly accounting for uncertainties in surface measurements. 

3.2.3 Providing sufficient availability of cloud-free data 345 

For evapotranspiration retrieval, Land Surface Temperature observations are ideally required at a daily temporal resolution 

(Lagouarde et al., 2010b). This requirement may be relaxed to a minimum revisit interval of three days with limited impact on 

ET estimates (Lagouarde et al., 2013; Sobrino et al., 2016, Guillevic et al. 2019). However, a daily geometric revisit does not 

translate into daily usable observations due to cloud obstruction. Cloud occurrence is strongly dependent on geographic 

location and seasonal variability. Consequently, cloud climatology must be jointly analyzed with local crop calendars to 350 

optimize the effective revisit requirement: Lagouarde et al. 2010, evaluated the data availability from a statistical analysis of 

an 18 years meteorological data base over 3 sites in France. Assuming 1 clear day is necessary by 5 day-periods for monitoring 

water budgets, the study revealed that this criterion can be fulfilled all year long only with a 1 day revisit. Furthermore, in the 

same article, the analysis of MODIS data (1 km resolution) on western Europe for spring and summer showed that, excepted 
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for southern Europe countries, the average length of periods without data varied on a range between 5 and 10 days for a 1 day 355 

revisit, but may reach up to 20 days for a 2 day revisit. 

These considerations lead to a requirement on revisit time from 1 (goal) to 3 days (threshold). 

3.2.4 Providing sufficient accuracy on derived products 

Revisit frequency combined with cloud occurrence can be a strong limitation on the accuracy of ET monitoring (Lagouarde et 

al., 2010b, Guillevic et al., 2019, Alfieri et al. 2017). The determination of daily ET on days without available acquisition 360 

requires the implementation of temporal interpolation/extrapolation procedures. In most cases, a simple linear interpolation of 

the ratio between ET and a known scaled metric was performed (Delogu et al. 2012, Alfieri et al. 2017, Guillevic et al. 2019): 

the reference metric may correspond to incoming solar radiation, extra-terrestrial solar radiation or reference 

evapotranspiration. More complex methodologies that enable to integrate other information, such as rainfall, meteorological 

reanalysis data, ET model simulations or surface soil moisture, are under study based on fusion methodologies or signal 365 

filtering (Allies et al. 2022, Delogu et al. 2021, Farhani 2022). At present, such methodologies cannot be used as a basis for 

interpolation procedures in operational high–spatial-resolution systems, as they have not yet been adequately evaluated in the 

international literature. 

 

When considering simple interpolation procedures, most of the studies cited above showed that the incoming solar radiation 370 

at the Earth surface provides the best tradeoff between simplicity and performances.  

Olioso et al. (2022 and 2023) evaluated the uncertainty related to the interpolation processes first as a function of revisit and 

second by considering TRISHNA potential orbital characteristics showing strong improvement in the performances when 

increasing the revisit (Fig. 1) and when comparing TRISHNA to LANDSAT estimates (Fig. 2). 

Figure 1 also shows that a 3-day revisit achieves good performances in terms of uncertainty. It was therefore considered as a 375 

threshold requirement for TRISHNA. 
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Figure 1 Proportion of days for which the uncertainty related to the interpolation procedure is higher than 2 mm/d for corn 

and wheat crops in Grosseto, Italy, and Lonzée, Belgium, as a function of revisit and error level in ET estimation, adapted 380 

from Olioso et al. 2022 

 

 

Figure 2  Daily ET uncertainty for a C3 crop in Grossetto, Italy, over two years, for TRISHNA in red, and LANDSAT, in 

dark blue. Daily ET is interpolated considering incoming solar radiation, adapted from Olioso et al., 2023 385 

3.2.5 Dealing with uncertainties of surface temperature measurements 

Accounting for uncertainties inherent to surface temperature retrievals is essential, particularly in minimizing the impact of 

atmospheric turbulence on instantaneous thermal infrared observations. 

 

Turbulent motions occurring in both the surface boundary layer (SBL), which is directly controlled by exchanges of heat and 390 

moisture between the land surface and the atmosphere, and the planetary boundary layer (PBL), whose evolution is primarily 

driven by the daily cycle of surface heating and cooling, produce pronounced temporal variations in surface temperature. These 

turbulent processes act over two distinct temporal scales that have different implications for thermal infrared observations but 
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are often not explicitly distinguished. At short time scales, high-frequency temperature fluctuations are primarily associated 

with small-scale turbulent eddies. Their impact on satellite retrievals can be substantially reduced through temporal averaging 395 

or by the spatial averaging inherent to the dimensions of the sensor pixel. In contrast, larger-scale turbulent structures generate 

abrupt shifts between quasi-stationary temperature states, producing step-like changes in the observed surface temperature. 

Because these fluctuations occur at scales comparable to or larger than the sensor footprint, they cannot be effectively mitigated 

by pixel averaging and therefore introduce an irreducible uncertainty in instantaneous thermal infrared retrievals (Lagouarde 

et al., 2013). Reducing this source of uncertainty requires observations with improved temporal sampling, enabling a more 400 

complete characterization of the evolving thermal state of the surface–atmosphere system. 

This provides a strong physical rationale for high revisit frequency missions such as TRISHNA. However, the magnitude of 

this improvement remains difficult to quantify, as it depends on the amplitude and temporal spectrum of temperature 

fluctuations, both of which are highly site-specific and generally poorly constrained without dense ancillary observations. 

 

 

Figure 3: (a) Sensitivity of STIC (Surface Temperature Initiated Closure) derived latent and sensible heat fluxes to 

land surface Temperature uncertainties across different biomes, adapted from Mallick et al. (2014); (b) Sensitivity of 

STIC biophysical conductance (gB and gS) and surface energy fluxes (λE and H) to land surface temperature 

uncertainties, adapted from Mallick et al. (2015). 

Uncertainty in LST propagates directly into surface energy flux estimates. Simulations using the analytical surface energy 405 

balance model STIC (Surface Temperature Initiated Closure) (Mallick et al., 2014) show that LST uncertainties of 1.3-2.2 K, 
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across different land cover types, can lead to uncertainties of approximately 24-33% (for latent heat flux, LE) and 17-44% (for 

sensible heat flux, H) (Fig. 3). Using another version of STIC, a follow-up study (Mallick et al., 2015) also revealed substantial 

sensitivity of the biophysical conductances and fluxes to random uncertainties in LST. Using data from different surface flux 

experiments, this study reported sensitivity of stomatal conductance and aerodynamic conductances to account for 20 - 35% 410 

and 15 - 30% for 0.75 - 0.82 K uncertainty in LST. The corresponding sensitivity in LE and H was of the order of 10 - 18% 

and 20 - 35%, respectively. These results underline the critical need to better characterize and reduce LST uncertainties for 

reliable estimation of land-atmosphere exchanges. 

3.2.6 Observation angles and directional anisotropy 

Revisit time under the same viewing configuration: the geometric revisit time under the same viewing direction (temporal 415 

periodicity of systematic acquisition of a given area disregarding cloud cover and under the same viewing direction) will not 

be longer than 8 days, as the capability of a system to capture rapid changes in ET is significantly reduced for return periods 

higher than 8 days (Guillevic et al., 2019). 

With a constant view angle, multi-temporal observations on a given site can be compared with better accuracy by considering 

directional effects as a constant bias, thus removing from the error budget the uncertainties associated to the modeling of the 420 

directional effects. 

Observation angle limit: the Observation Zenith Angle (OZA) is the angle between the satellite viewing vector and the local 

zenith at the observation point. 

OZA shall remain below a threshold value in order to limit the increase in pixel size caused by off-nadir viewing conditions, 

and to reduce atmospheric correction errors associated with the increased optical path length through the atmosphere. 425 

The requirement on maximum OZA has been set to 40 degrees in order to: (i) avoid excessive enlargement and geometric 

distortion of pixels; and (ii) limit atmospheric correction errors by reducing the apparent thickness of the atmospheric layer. 

In addition, surface emissivity exhibits angular dependence, particularly over heterogeneous and anisotropic surfaces, which 

can introduce additional uncertainties in thermal infrared retrievals at large viewing angles. 

Accounting for directional anisotropy: directional effects occur because satellite observations integrate temperatures from 430 

different surface components within a pixel. Changes in viewing geometry modify the relative proportions of sunlit and shaded 

elements and surfaces with different emissivities. Two key mechanisms drive these effects: the hotspot effect, where alignment 

of solar and viewing directions increases the proportion of visible sunlit elements and raises apparent temperature, and the gap 

fraction effect, where viewing angle alters the relative proportion of vegetation and soil in the field of view. These phenomena 

can introduce temperature variations of several degrees, potentially compromising the detection of environmental indicators 435 

such as crop water stress. On the other hand, large view angles can also bring opportunities to target more specifically the 

canopy (Mwangi et al., 2022). 

 

In the optical domain, the hotspot effect has been well characterized from both the experimental and modeling point of view  

(Roujean, 2000, Qin et al., 1995). In the TIR domain, different parametric models are available: the Ross-Li model (Roujean 440 

et al., 1992; Wanner et al., 1995; Ren et al., 2014), the LSF-Li model (Su et al., 2002), the Vinnikov model (Vinnikov et al., 

2012), the RL model (Lagouarde and Irvine, 2008; Duffour et al., 2016), the LSF-RL model (Cao et al., 2021). 

 

As an attempt to quantify these effects, Michel et al., 2023 combined near-nadir observations from Landsat 8 with wide-angle 

measurements from the airborne MODIS/ASTER Airborne Simulator (MASTER). Nine quasi-simultaneous acquisitions were 445 
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analyzed to examine directional behavior and evaluate several existing parametric models designed to correct TIR anisotropy. 

The results show that directional temperature differences across viewing angles range from 1.6 K to over 6 K, particularly 

under hotspot conditions. Applying the five aforementioned correction models significantly reduced these errors. Corrected 

temperatures showed reductions in root mean square error (RMSE) of 0.2–0.9 K, and the amplitude of directional effects 

decreased to below 1 K in most cases. Global models fitted across all datasets also reduced RMSE and directional error budgets, 450 

typically bringing them below 2 K. 

As a consequence, the following strategy will be applied to TRISHNA: 

▪ Observation time series for a given location will systematically include acquisitions that are not affected by hot spot 

conditions. This implies allowing observations of the same location under different viewing geometries so that 

measurements are not systematically contaminated by hotspot effects over several consecutive observations. 455 

▪ Short revisit times at constant viewing angles will be maintained: to minimize the influence of directional anisotropy in 

operational products, the requirement of maintaining a revisit time at constant viewing angles shorter or equal to 8 days 

is introduced, as this value is identified by Guillevic et al., 2019 as a critical threshold, beyond which rapid surface 

moisture changes are poorly captured. This temporal constraint allows analyses under comparable observation geometries, 

especially considering that cloud cover may further reduce the number of usable observations. 460 

▪ User information on degraded performance near hotspot configurations: whether a directional correction is applied or not, 

it is important to inform end users about potential performance degradation near hotspot configurations. This is achieved 

by introducing a quality flag in the data products, indicating when observations are likely affected by strong directional 

effects and when the associated uncertainties may be higher. 

Nevertheless, continued research is required to improve the modeling and correction of directional effects in the thermal 465 

infrared domain. In particular, in-orbit calibration and validation (Cal/Val) activities will be pursued, including dedicated 

airborne or ground-based measurement campaigns during satellite overpasses. These efforts, combined with the data provided 

by TRISHNA, will support the refinement of existing parametric models and facilitate their potential operational 

implementation in ground processing chains for future TIR missions. 

3.2.7 Ground sampling distance (GSD) 470 

Level 2 products will combine information from both visible-NIR and TIR cameras, thus the merging of both samplings drives 

directly the final characteristics of the product. The upper limit of GSD for land and coastal areas is driven by typical size of 

the ground units (fields) of the studied areas. The lower limit of resolution is driven by technological constraints and by the 

uncertainty due to the turbulent nature of the surface temperature, especially above vegetation. 

 475 

Upper limit of the ground resolution 

The upper limit of GSD is mainly driven by the following aspects: typical size of fields, possibility to separate different types 

of crops for a given land use, possibility to assess UHI events. 

It is obviously difficult to propose a unique value, as it depends on the type of landscape studied. Nevertheless, we can refer 

to Kustas et al., 2004 who studied the resolution necessary to separate the contribution to actual evapotranspiration of 2 crops, 480 

soybean and corn in the Iowa plain where fields range in size between 1 to 150 ha, with a typical size of 25 ha. Both crops can 

be well separated at 60 m resolution (Fig. 4). India’s field size is less, typically around one hectare. Therefore, a resolution of 

less than 60m is advised. 
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 485 

 

Figure 4  Histograms for the sensible heat flux distributions over corn and soybean fields in Iowa at different resolutions for 

July 1, 2002, Landsat 7 overpass. Flux interval is 20 W.m−2 (adapted from Kustas et al., 2004) 

In the case of Texas high plains where the typical size of field is ~800x800m, Agam et al. 2007 show that a resolution ≤100m 

is optimal for agricultural applications: such a resolution allows to resolve differences between fields, and within fields 490 

satisfactorily. 

A similar conclusion was found by Garrigues et al. 2006 who quantified the spatial heterogeneity of the NDVI for 18 

landscapes of the VALERI (Validation of Land European Remote sensing Instruments) database (Baret et al., 2021) and 

similarly concluded that ‘the sufficient pixel size to capture the major part of the spatial variability of the vegetation cover at 

the landscape scale is estimated to be less than 100m’. 495 

 

In France, geographic agricultural parcel database is produced annually from farmer declarations under the Common 

Agricultural Policy (PAC), managed by the Agence de services et de paiement (ASP) and disseminated via the Institut national 

de l’information géographique et forestière (IGN). The data is openly available through data.gouv.fr and IGN geoservices. 

Such a work was done using data gathered in the French Gers department, which is a typical hilly agricultural region in South-500 

West of France (Fig. 5). 

 

Figure 5  Envelope of cumulative histograms of plot surfaces, obtained for 4 types of crops (corn, wheat, rapeseed, 

sunflower) in Gers department in France, based on farmer declarations. Statistics are based on 80 000 plots, source data 

downloaded from www.data.gouv.fr/datasets/rpg 505 
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Typically, the histogram shows that for the main crops, 82% of the surface is made of plots greater than 3 ha, i.e. corresponding 

to a 3x3 grid of 60m pixels. 

The above-mentioned studies show that resolutions finer than or equal to 100 m are needed to reliably separate different crops, 

resolve field-to-field variability, and capture most vegetation and heat-flux heterogeneity at landscape scale. Coarser 

resolutions would merge many agricultural plots into single pixels, reducing the ability to distinguish land use, crop type, and 510 

UHI-related spatial patterns. Thus, the maximum value for the ground sampling distance is set to 100 m. 

 

Turbulence and lower limit of the ground resolution 

The surface temperature displays temporal fluctuations of different frequencies related to turbulence (Lagouarde et al., 2015): 

- Turbulence related to surface boundary layer (high frequencies) corresponds to turbulent structures of a few meters 515 

and can be smoothed by the spatial integration at the pixel scale (the so-called ‘ergodicity’) 

- Turbulence in the convective planetary boundary layer (low frequencies) corresponds to turbulent structures of a few 

hundreds meter in size. It cannot be smoothed out and contributes to the uncertainty on the surface temperature 

measurement. 

Lagouarde et al., 1997 analyzed the results of experiments performed on August 16, 1995 over maritime pine stands in Le 520 

Bray Carbo-Europe INRAE site, using a helicopter-borne TIR camera. Aggregated pixel sizes are 5 m, 19 m and 200 m. Their 

observations show that the temporal evolution of the surface temperature over a 600s period exhibits low frequency 

fluctuations related to convection in the PBL. These fluctuations remain present whatever the spatial resolution considered, 

while high frequency fluctuations are smoothed by spatial integration as the pixel resolution decreases. This indicates that for 

resolutions finer than 35 to 40 m, the overall performance will be limited by these high frequency fluctuations. 525 

 

 

Figure 6  Statistics of satellite LST deviations from the mean were computed over two 20-min acquisition sequences (Seq. 1 

eastward, Seq. 2 southward) above a pine stand at 50 m spatial resolution (left), and across multiple resolutions for a 3 × 3 

km LES-simulated domain under the ergodicity assumption (right). These statistics represent the frequency distribution of 530 

errors in surface temperature measurements. (adapted from Lagouarde et al. 2015) 

Furthermore, Lagouarde et al. 2015 analyzed the maximum cross-correlation between LST and wind speed over maize crops 

and concluded that wind exerts dominant control on temporal fluctuations in LST, while no significant correlation was found 

with air temperature. In the same article, Fig. 7 shows that the amplitude of the LST temporal fluctuations decreases with 

spatial resolution. 535 
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Figure 7 Spatial integration effects on small-scale LST variability: temporal evolution over a maize canopy, adapted from 

Laouarde et al. 2015 

 

Spatial resolution is also critical for assessing Urban Heat Island events. Sobrino et al., 2009 analyzed the thermal pattern over 540 

Madrid city at different spatial resolutions simulated from an airborne (AHS) image with a pixel size of 4 m (DESIREX 

campaign 2008). It can be observed that thermal pattern over the city is still accurate for resolution of 50 meters but degrades 

at 100m. 

Thus, the requirement on the lower limit of ground sampling distance is set to 50 meters. 

3.2.8 Local Time considerations 545 

Selecting an appropriate satellite overpass time is critical for accurate surface flux estimation.  

 

Analyses of cloud cover indicate that acquisitions between 10:00 and 14:00 are much less affected by cloudiness, based on 

radiation measurements from French meteorological stations and MODIS cloud masks over Europe (Lagouarde et al., 2010b), 

suggesting that cloudiness does not strongly limit midday observations. Stability of vegetation variables and albedo further 550 

supports midday measurements, as noon-time values of vegetation indices and land surface albedo have minimal influence on 

flux retrievals. Maximum sensitivity of fluxes to surface temperature occurs near midday, particularly for actual 

evapotranspiration, a pattern confirmed by coupled SVAT–boundary layer simulations showing latent heat flux maxima 

around 13:00 local time (Gentine et al. 2007; Mallick et al., 2009), which enhances signal-to-noise ratio and retrieval accuracy. 

 555 

Minimizing angular effects is an additional advantage, as higher solar elevation reduces directional biases in emissivity and 

reflectance at mid-latitudes (Lagouarde et al., 2010b). Relaxation of overpass time constraints is also achieved, since small 

deviations around midday have limited impact, facilitating comparisons with numerical models on 30-minute to hourly time 

steps. Temporal scaling to daily fluxes is improved because noon-time measurements accurately represent the amplitude of 

the diurnal cycle. 560 

Night-time acquisitions benefit from a midday or early-afternoon overpass, positioning observations near the middle of the 

night and well away from sunset, which is important for coastal and inland SST studies. 
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Operational constraints, including launch compatibility and spacecraft power limitations, restrict feasible local times to 

before 13:30. Finally, harmonization with sister missions provides nearly simultaneous measurements at similar solar angles 

and supports long-term continuity with COPERNICUS LSTM datasets. 565 

 

Accordingly, the mission will follow a Sun-synchronous orbit with a mean local time of descending node of 12:30 PM. 

3.2.9 Orbit selection methodology 

 

The requirements on the orbit are summarized in Table 1: 570 

 

Coverage Global 

Revisit 1 to 3 days 

Revisit with same geometrical 

configuration (hot-spot free) 
Maximum 8 days 

Mean Local time 12:30 PM +/- 15mn (Descending Node) 

Ground sampling distance 50 to 100 m 

Maximum OZA 40 degrees 

Table 1  Requirements on the orbit 

As an attempt to limit the pollution of the datasets by the proximity with the hotspot geometric configuration, it was decided 

to take advantage of the sub-cycles of the orbit, so that during the repeat cycle of the orbit, each location is observed n times 

from different tracks, i.e. with different view angles. This ensures that (n-1) observations per orbital cycle are not affected by 575 

the hotspot. To access these subcycles globally, the swath is extended, and consequently the OZA. So we looked for a phased 

orbit with a cycle lower or equal to 8 days, sub-cycles equal or lower than 3 days, and a maximum OZA of 40 degrees. 

 

Table 2 provides the characteristics of the phased orbits with a cycle of 3 to 8 days and sub-cycles not exceeding 3 days, 

computed from a purely geometrical aspect, with a spherical Earth assumption. In the (n,p,q) convention used to define the 580 

orbit, n is the integer number of revolutions per day (typically 13–15), p is the repeat cycle in days, and q is the remainder of 

the division such that the actual mean motion is n + q/p, leading to a total of np+q revolutions over the repeat cycle.  

 

n 
p 

(cycle) 
q 

Number of 

tracks per 

cycle 

sma (km) 
Period 

(sec) 

Altitude 

(km) 

Intertrack 

(km) 
Subcycles 

Max OZA 

(deg) 

14 3 1 43 7145.71 6011.45 775 466.0 3 34.9 

14 3 2 44 7037.03 5874.82 666 455.4 3 38.1 

14 5 2 72 7123.64 5983.62 753 278.3 3-2 40.9 

14 5 3 73 7058.43 5901.65 687 274.5 3-2 42.9 

14 7 2 100 7161.58 6031.49 791 200.4 3-1-3 41.9 

14 7 3 101 7114.23 5971.77 743 198.4 2-3-2 43.3 
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14 7 4 102 7067.66 5913.22 697 196.4 2-3-2 44.7 

14 8 3 115 7131.90 5994.02 761 174.2 3-2-3 38.7 

14 8 5 117 7050.39 5891.56 679 171.3 3-2-3 41.2 

Table 2  Characteristics of the phased orbits with a cycle of 3 to 8 days and sub-cycles not exceeding 3 days, computed from 

a purely geometrical aspect, with a spherical Earth assumption. 585 

 

The only orbit of the table exhibiting a maximum OZA below 40 degrees and different view angles is the (14,8,3) 8-day orbit 

(115 orbits per repeat cycle), at the altitude of 761 km. 

 

 590 

Figure 8  Variation of the GSD within the swath of the candidate orbits 

As the instrument was initially designed for a resolution of 50 m at nadir on the phase A 3-day cycle / 666 km orbit, a higher 

orbit implies an increase of the GSD. It varies across the swath, ranging from 57 m at nadir to 91 m at the edge of the swath. 

A product resolution of 60 m was chosen to obtain a round number while maintaining the highest possible resolution for users. 

Indeed, choosing a product resolution close to that at the swath edge would result in a loss of information across most of the 595 

swath compared to the native resolution. 

This remains fully compatible with the minimum ground resolution requirement for TRISHNA. The product resolution will 

be as close as possible to the lower limit as set by the scientific community, mainly driven by atmospheric turbulence. 

The GSD will be lower than the maximum allowed value (100 m) even at the edge of scan. 

It should be noted that the computed edge of scan GSD corresponds to the extension of the pixel size in the cross-scan direction 600 

(CT). As the extension of the pixel size in the long-scan direction (LT) is of lower amplitude, the pixel surface at the edge of 

scan is lower than CT2. Furthermore, the actual pixel area shall be computed considering the alteration of the pixel shape due 

to the geometry of the acquisition. 
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3.3 Spectral Requirements 

3.3.1 On the need for simultaneous TIR, VNIR and SWIR acquisitions 605 

In the context of the TRISHNA mission, the need for VNIR acquisitions concomitant with the TIR is justified by the following 

factors: 

▪ register VNIR and TIR images. On the platforms foreseen for TRISHNA, attitude data will not be accurate enough to 

provide a sub-pixel accuracy for the registration of TIR images, without ground control points. Previous missions have 

shown that the ground control points will be more accurate if automatic matching is applied in the visible rather than in 610 

the TIR. 

▪ detect high thin clouds using a SWIR band, where water vapor absorbs all the light when the ground altitude is below 

2000 m for standard water vapor conditions (Gao et al. 1995). 

▪ Separate Snow from Clouds: snow is very dark in the SWIR while clouds stay bright. The SWIR band allows us to 

discriminate these categories. 615 

▪ estimate aerosol optical depth using SWIR, red and blue band combinations. Estimation the AOD allows us to better 

estimate the downwelling irradiance. 

▪ Identify land cover. Visible bands are well adapted to determine the type of surface observed, which is necessary for 

some of the algorithms used to derive fluxes.  

▪ obtain a first guess for emissivity from the vegetation cover. VNIR spectral bands provide vegetation indexes that are 620 

often used in Temperature/Emissivity separation algorithms. Presence or absence of vegetation is one of the main factors 

of emissivity variations. 

▪ estimate albedo to determine net radiation which drives land surface evapotranspiration. 

▪ estimate biophysical variables of vegetation (Leaf Area Index, LAI, and fraction cover, Fcover) which are mandatory 

to compute surface fluxes (evapotranspiration in particular) in combination with LST 625 

▪ SWIR band will also be used to detect vegetation stress and burnt areas (Gerhards et al., 2019), as well as to compute soil 

moisture parameter in the single-pixel evapotranspiration computation (Mallick et al., 2015). Although LST is a direct 

indicator of plant water stress under a given radiative and environmental forcing, its interpretation is not unique. An 

increase in LST may result from stomatal closure due to physiological water stress, but also from non-physiological factors 

such as weak aerodynamic coupling under low wind conditions or the influence of hot soil in sparsely vegetated canopies. 630 

These eco-physical  situations can be better distinguished by combining LST with SWIR reflectance. Water strongly 

absorbs radiation in the SWIR domain, particularly around 1600 nm and 2100-2200 nm. Under well-watered conditions, 

high liquid water content in leaves and soil leads to strong absorption and low SWIR reflectance. As water stress develops 

and water content declines, absorption weakens and SWIR reflectance increases. This response is largely independent of 

stomatal behavior, as it directly reflects the water content of the soil-canpoy complex. LST and SWIR thus provide 635 

complementary information. LST reflects the energetic or thermal response to stress through reduced transpirational 

cooling, while SWIR captures the underlying change in water content that drives this response. Together, they constrain 

both the effect and the cause of vegetation water stress. In this context, the near-infrared (NIR) region serves as a reference, 

while SWIR reflectance decreases with increasing moisture content. Combining NIR and SWIR enhances sensitivity to 

variations in liquid water. When used together with LST, this synergy provides a robust signal to better capture water 640 

stress effects on evapotranspiration and ecosystem functioning. 

Image registration, cloud detection and estimation of water vapor require near simultaneity of acquisitions between the VNIR 

and TIR images, which makes it impossible to rely on another sensor in the VNIR. 
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Simultaneity between TIR and VNIR is also demanded to assess vegetation status, identify land cover and estimate emissivity 

and albedo, because using data from another satellite would lead to an often outdated information on vegetation status, and 645 

consequently a reduced accuracy. For instance, the theoretical cycle of Sentinel 2 is 5 days (obtained with 2 satellites), but 

concretely much less given the cloud cover. 

Given the dynamics of the processes involved, simultaneity is considered sufficient if TIR and VNIR-SWIR data are acquired 

within a typical delay of a few seconds. However, as the data will be acquired from different viewing angles, parallax effects 

on clouds must be considered during image registration and analysis. 650 

3.3.2 Definition of TIR Spectral bands 

The positioning of TIR spectral bands in the 7.5 µm to 13 µm spectral range for satellite-based LST retrieval has been the 

subject of several studies (Caseles et al., 1998; Sobrino et al., 2010; Sobrino and Jimenez-Munoz, 2014; Jacob et al., 2021). 

These studies have shown that optimal positioning of TIR bands for a LST-driven mission such as TRISHNA must be based 

on considerations regarding (i) atmospheric absorption, (ii) surface emissivity contrast, (iii) instrumental noises, and (iv) the 655 

LST retrieval methods selected for the mission. 

 

Regarding atmospheric absorption, TIR bands are located in spectral regions with the highest atmospheric transmission, since 

in these cases the effect of the atmosphere on the measurements is minimized. In the TIR spectral range, the total atmospheric 

water vapor and ozone contents are the main causes of atmospheric absorption. 660 

 

 

Figure 9  MODTRAN simulation of the TIR atmospheric transmittance spectrum 

 

Figure 9 (adapted from Vidal et al., 2022) depicts the atmospheric transmittance spectrum (black line) in the 7.5 µm to 13 µm 665 

spectral range, obtained using MODTRAN6 computation over a representative selection of 24 atmospheric profiles of the 
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TIGR dataset (Chevallier et al., 2000). On the one hand, Fig. 9 shows  no specific absorption feature for water over the whole 

spectral range considered, with transmittance lowering overall increasing atmospheric water, and vice versa. On the other 

hand, the spectrum show that two different atmospheric windows can be distinguished around 8-9.4 µm and around 10-12.5 

µm, separated by the ozone absorption feature at 9.7 µm. Therefore, TIR bands for LST retrievals are located in those two 670 

atmospheric windows, as illustrated in Fig. 9 with the initial TRISHNA reference TIR spectral configuration. These 

wavelengths correspond to a maximum of thermal emission around 20°C, typical of Earth surface. 

 

Consideration of surface emissivity is paramount in the positioning of TIR spectral bands, notably because the TIR signal is 

not only affected by the atmospheric absorption but also largely driven by the surface emissivity. 675 

 

 

Figure 10 Emissivity spectra for 200 natural samples including rocks, soils, vegetation, and water. Average, average plus 

standard deviation, and average minus standard deviation spectra are also plotted (blue straight and dotted line) 

Figure 10 displays the emissivity spectra for 200 natural samples including rocks, soils, vegetation, and water. The average, 680 

average plus standard deviation, and average minus standard deviation spectra are also plotted (blue straight and dotted line). 

It is clearly observed that emissivity values between 8 and 10 µm are lower due to Reststrahlen effect of minerals and show a 

higher variability than those values in the region between 10 and 13 µm. The higher atmospheric transmission in the 10-13 

µm atmospheric window, jointly with the higher surface emissivity values and lower variability explains why typical TIR 

bands of existing remote sensing satellites (AVHRR, MODIS, AATSR, SEVIRI, etc.) for LST retrieval are allocated in that 685 

spectral region, provided that only one or two TIR bands are available. However, spectral bands in the atmospheric window 

in the 8-9.3 µm range can provide information on emissivity to obtain a better separation between LST and emissivity, notably 

spectral contrast, since that spectral range account for the main variance in emissivity. This principle is used in the Temperature 

and Emissivity Separation (TES) algorithm developed for ASTER (Gillespie et al., 1998), which exploits the relationship 
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between spectral contrast and minimum emissivity for natural species, as well as in the DirectTES algorithm (Marcq et al, 690 

2023), which seeks to minimize brightness temperature variations over the TIR bands available. 

 

In the TIR domain, the radiometric performances are not expressed as a signal to noise ratio, but as a standard deviation of 

noise expressed in degrees, which is noted NEdT, expressed at instrument level. Instrumental noise must be considered when 

positioning TIR channels by accounting for both the intersection of band spectral response functions with the edges of available 695 

atmospheric windows and the cross-talk between bands. Indeed, bands located near the edges of atmospheric windows (e.g., 

around 7.5 µm or beyond 12 µm) experience lower photon flux and therefore higher NEdT (Rogalski, 2011). And in addition, 

spectral cross-talk reduces radiometric fidelity by introducing correlated noise between bands and creating systematic biases 

in differential retrievals (Gruson et al., 2020). 

The last main aspect to consider is the LST retrieval method used for the mission. Indeed, some methods, such as TES or 700 

DirectTES expect proper application that atmospheric effects are minimized overall, and that spectral contrast is maximized 

over the bands considered, while the Split-Window (SW) type methods expect atmospheric effects to be maximized locally, 

and spectral contrast minimized. 

TRISHNA TIR bands selection 

Prior to TRISHNA, the TIR band configuration proposed for MISTIGRI mission included 3 bands (TIR1 and TIR2 located in 705 

the 10-12.5 µm region and TIR3 located in the 8-9.3 µm region). There was an option to split the 1-µm-wide TIR3 band into 

2 thinner spectral bands in order to better characterize emissivity, but a trade-off had to be made because of the increased noise 

of a narrow band (Jacob et al. 2021). Thanks to the reduced noise of the MCT-cooled detectors used for the TRISHNA mission 

as opposed to the MISTIGRI micro bolometers, the choice was made to use a 4 bands configuration with two bands in the 7.5 

to 9.7 µm range (TIR1 and TIR2), and two bands in the 10 to 13 µm range (TIR3 and TIR4). 710 

 

Two sensitivity analyses have been conducted for the optimization of the positioning of the TRISHNA TIR spectral bands, 

considering a representative range of atmospheric configurations, atmospheric and instrumental noises, and pair-wise 

variations of the bands position : Vidal et al. (2021) investigated the optimal placement of the TIR3 and TIR4 bands as related 

to SW LST estimation, and Vidal et al. (2022) investigated the optimal placement of all the bands as related to TES LST 715 

estimation. 

Overall, the study led to the following constraints on the TRISHNA spectral configuration: 

▪ For TIR1, shifting toward higher wavelengths renders the spectral configuration more robust to position and to bandwidth 

uncertainties by reducing water absorption impact on the surface temperature estimation. Considering that, we chose to 

place TIR1 at 8.65 µm; 720 

▪ For TIR2, shifting toward lower wavelengths limits the ozone absorption interference, especially regarding uncertainties 

on position/FHWM. The new TIR2 position is then chosen to be at 9.0 µm; 

▪ For TIR3, the study revealed the necessity of a shift toward higher wavelengths in order to avoid ozone interferences on 

the surface temperature estimation. Moreover, Vidal et al. (2021) showed that for SW application, an optimal position of 

TIR3 existed at 10.6 µm; 725 

▪ For TIR4, the studied revealed a limited sensitivity of the TES inversion results to its position, however suggesting that 

shifting toward lower wavelengths will improve inversion results by minimizing atmospheric effects. Additionally, Vidal 

et al. (2021) also revealed that a limited cross-talk between TIR3 and TIR4 will be kept to ensure satisfactory SW 

inversion. Hence, we chose to keep TIR4 at its reference position of 11.6 µm.  

 730 
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 TIR1 TIR2 TIR3 TIR4 

𝜆𝑐 (µm) 8.65 ± 0.10 9.00 ± 0.10 10.6 ± 0.15 11.6 ± 0.15 

FWHM (µm) 0.35 ± 0.07 0.35 ± 0.07 0.7 ± 0.15 1.0 ± 0.15 

Table 3  Specifications for the position and width of the TIR spectral bands 

 

These constraints allowed us to specify the TRISHNA spectral configuration specified in Table 3. Compared to the MISTIGRI 

configuration, this new configuration does not improve the TES inversion results significantly. However, it allows a better 

estimation of the surface temperature using the SW method up to more than 0.5 K. More importantly, the new configuration 735 

was structurally defined to be more robust to uncertainties on actual bands position and FWHM. 

3.3.3 Definition of VNIR Spectral bands 

Vegetation variables and albedo 

For different bio-geophysical variables such as Leaf Area Index computation, vegetation indices, albedo, fractional vegetation 

cover and generation of level 2B product: 2 bands are necessary, in the red and NIR region. 740 

For cloud detection 

Cloud detection using only TIR data assumes that clouds are much cooler than the Earth surface. However, this is not true for 

all clouds (low altitude clouds, very thin clouds). This makes such algorithms difficult to tune: the detection threshold depends 

on the scene, and ancillary data are needed. Images with large and sharp contrasts in LST cause difficulties (water bodies and 

forests are cooler than bare soil, mountains are cooler than plains, wet areas are cooler than dry areas). Consequently, margins 745 

on the thresholds are considered, in order to avoid false detections, and some clouds remain inevitably missed. 

Without VNIR bands, many clouds (thin or low clouds) would be missed, and a very large noise is expected in temperature 

time series. For that reason, TRISHNA data would not be reliable. 

 

Very efficient algorithms exist (Hagolle et al., 2010), combining VNIR and TIR and multi-temporal imagery, taking advantage 750 

of the following properties: firstly, clouds are generally brighter and whiter than Earth surface, and secondly, clouds are mobile 

and cloud-top reflectance features are dynamic, while surface reflectance variations are generally slower. 

VNIR bands (blue, red, NIR) are necessary, in combination with information from TIR. In addition, a SWIR band at 1.38µm 

will improve thin cirrus cloud detection. 

A green band is desirable for water color information (estimation of chlorophyll and sediments concentrations) in combination 755 

with blue band, and to enhance spectral knowledge of the surface albedo. The Blue band is also required for AOD estimation. 

Need for a water vapor band 

We conducted a dedicated assessment that demonstrates that the use of ECMWF data for total water vapor retrieval does not 

achieve the level of accuracy required for a large number of use cases targeted by TRISHNA. The results highlight the interest 

of a Sentinel2-type water vapor channel (0.940 μm) for Atmospheric Water Vapor Content (AWVC) estimation, because the 760 

high spatial resolution data permit to better reproduce the realistic AWVC variations over heterogenous scenes, as opposed to 

the lower spatial resolution offered by the ECMWF data, including some flaws in the climate model. This outcome is 
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particularly true when considering area with high variations in surface elevation and vegetation density, which can both cause 

local abrupt variations of AWVC. 

Moreover, as far as humid regions are concerned, the precision of AWVC estimate is expected to increase with a « water vapor 765 

channel » at 0.910 μm instead of 0.940 μm. We performed a study to demonstrate that 0.910 μm is the best option. Three main 

reasons were foreseen: 

(i) First, a spectral band centered on 0.910 μm is closer to the NIR reference band (0.860 μm) used in the water vapor conten t 

retrieval algorithm. Thus, a lower error will be made in modeling the reflectance difference between the two bands. It shall be 

noted that, in the simple algorithm used for S2, the reflectance is assumed to be the same in the two channels, which let further 770 

room for improvement. 

(ii) Second, the absorption by water vapor is nearly total at 0.940 μm for very humid regions. This makes water vapor retrieval 

difficult in these conditions. Conversely, while a 0.910 μm channel is still sensitive to the AWVC, the absorption is lower, 

thus enabling the algorithm to still deliver results. Results from the study show that for AWVC > 1 g/cm², the transmission in 

the 0.910 μm channel is overall 40% higher than in the 0.940 μm channel. 775 

(iii) And third, as the silicon sensitivity largely decreases in the 900nm-1000nm range, a better sensitivity could be expected 

at 910 nm rather than 940 nm. 

Our study shows that the error margin on AWVC allowed to correctly recover surface temperature decreases drastically with 

increasing AWVC, going from 0.9 g/cm² for AWVC < 2 g/cm² down to 0.1 g/cm² for AWVC around 6 g/cm². On the contrary, 

high error values on surface temperatures are expected when using ECMWF data, notably on the several problematic areas 780 

highlighted in the ECMWF/S2 comparison. 

3.3.4 Choice of SWIR spectral bands 

Retrieval of  accurate aerosol optical depth is essential for incident solar flux and thereby net radiation. In TRISHNA mission, 

the blue and red band combinations can also be used to retrieve good aerosol optical depth through inversion instead of the 

SWIR band at 2.1µm. The SWIR band 1.6µm is indicated as mandatory for land surface albedo estimation and therefore net 785 

radiation and evapotranspiration. It is also used in the algorithms retrieving vegetation variables (Weiss and Baret 2016). 

Moreover, the 1.6 µm band will have substantially higher SNR due to higher albedo as compared to lower SNR at 2.1 µm. In 

addition, retrieval accuracy of AOD from 2.1 µm was found to be marginally higher as compared to that from 1.6 µm. Keeping 

in view of all these results and trade-off, in TRISHNA mission, the SWIR band at 1.6 µm is chosen. 

 790 

A SWIR band centered at 1.38 µm is specifically used for cirrus cloud detection. This wavelength coincides with a strong 

atmospheric water vapor absorption feature (Gao et al. 1995), where absorption is sufficient to eliminate nearly all surface-

reflected radiance below about 2000 m altitude, while still allowing signals from high-altitude clouds to be observed. By 

applying a simple threshold that accounts for ground elevation (Hagolle et al. 2017), it becomes possible to accurately detect 

high-level clouds, including thin cirrus that are otherwise difficult to identify (Baetens et al. 2019). 795 

3.3.5 TIR Radiometric performance considerations 

The Noise Equivalent Difference Surface Temperature, expressed at Earth surface level, is noted NEdTs. The impact of LST 

estimation error on the retrieval performance varies a lot according to the retrieval method. It is significant for a NEdTs greater 

than 2 K for instantaneous retrieval, but much less for assimilation of LST, and even less for assimilation of inverted soil 

moisture proxy. 800 

Crow et al., 2008 studied the impact of LST measurement error on the performance of the root zone soil moisture retrieval 

when the latter is either extracted from LST instantaneously (θTSMrz) or when the soil moisture proxy is assimilated in a 
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model (WEB-SVAT/EnKF) named WEB-SVAT. From this study, we can conclude that even with the simplest assimilation, 

a significant improvement is obtained with NEdTs < 1.5 K. 

 805 

Many factors contribute to the NEdT at the surface, including intrinsic sensor performance, uncertainties associated with 

radiometric calibration, atmospheric correction, the separation of surface emissivity from temperature, and directional 

anisotropy effects. Even if all these effects were perfectly known and corrected, atmospheric turbulence within the surface 

layer and the planetary boundary layer would still induce rapid temporal fluctuations in the observed surface temperature, 

resulting in typical error at the surface ranging from 1 to 1.5 K. These fluctuations were analysed by Lagouarde et al., 2013 810 

with images acquired on different land surfaces in the South-West of France. It is still to be confirmed whether or not this 

phenomenon is of the same amplitude over water (rivers, coastal ocean, inland water bodies).  

The NEdT requirement at instrument level for TRISHNA is set to 0.25 K at a temperature of 300 K for TIR1 and TIR2 spectral 

bands, and 0.2 K for TIR3 and TIR4. This requirement is consistent with an objective of a NEdTs of 1 K (as shown by Gillespie 

et al., 1998). Moreover, the Split Window method for estimating surface temperature can provide accurate LST with a 815 

NEdT=0.5 K, except in very humid tropical atmospheric conditions. 

In addition to radiometric noise, the absolute radiometric calibration must be sufficiently accurate to avoid introducing a 

systematic bias in the retrieved land surface temperature. Therefore, the absolute calibration accuracy is specified to be better 

than 0.5 K (at 300 K), ensuring that calibration errors remain smaller than the random uncertainty associated with the 

instrument noise and do not become a dominant contribution to the overall LST error budget. 820 

 

3.3.6 VNIR-SWIR radiometric considerations 

Equivalent wavelengths are defined for each spectral band as the weighted average of the spectral response function, with the 

green band centered at 555 nm, the red band at 670 nm, and the NIR band set to 860 nm with a 40 nm bandwidth. A cirrus 

band (1380 nm) and a 1610 nm SWIR band are also included in the configuration. 825 

 

For radiance computations, Thuillier et al. 2003 solar spectrum was used, with a simplified rectangular spectral response 

approximation applied across each band. The mission radiance range [Lmin, Lmax] was defined to ensure precise 

characterization of instrument linearity and equalization, with Lmin based on VENµS and LANDSAT-8/OLI requirements 

(Morfitt et al., 2015), Lmax computed for a surface reflectance of 1. The saturation radiance Lsat was set to 1.05 × Lmax to 830 

optimize dynamic range while accepting limited saturation under extreme conditions, e.g., bright clouds or snow. This reduced 

margin of 5% over Lmax is considered acceptable, assuming the instrument meets overall performance requirements. 

 

SNR requirements are specified at Lmin for VNIR bands and at reference radiance (Sentinel-2) for SWIR bands, corresponding 

to a surface reflectance of ~0.05. Computations of top-of-atmosphere radiances under various atmospheric conditions (water 835 

vapor, ozone, aerosol optical thickness) were performed using the 6SV radiative transfer model. 

 

For the cirrus band, surface reflectance assumptions differ because cirrus clouds exhibit much lower reflectance (~0.4) in the 

1.38 μm band compared to water surfaces (Gao and Kaufman 1995). 

 840 

The values can be cross-checked with histograms from Sentinel-2. They exhibit a sufficient margin w.r.t. the 99.9% 

histograms. 
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Figure 11  Sentinel-2 B histograms 845 

 

The principle adopted for setting the radiometric requirements is that the total noise shall be shared in equivalent proportions 

between electronic noise and other sources (straylight, thermal stability, filters rejection and others). 

The required performances are consistent with those for Sentinel2 (Drusch et al. 2012) and LANDSAT8 (Markham et al. 

2014). 850 

3.4 Geometric Requirements 

In order to enable accurate use of time series of thermal infrared images, it will be necessary to achieve multi-temporal 

registration of images better than 0.9 pixel (CE99.7%, 3 sigma). 

Such a performance cannot be achieved using orbit and attitude data alone, but requires an automatic geometric refinement 

during ground processing based on Ground Control Points (GCPs). These GCPs are automatically extracted by image 855 

correlation using the operational algorithms developed by CNES for the Pléiades mission (Lebègue et al., 2015). The GCP 

will be obtained with the VNIR bands, and used to enhance the geometric sensor model (attitude data mainly), and thus will 

be transferred to the TIR bands. 

3.5 Retained TRISHNA configuration 

3.5.1 Orbit and orbit-related parameters 860 

The parameters relative to the orbit are given in Table 4 and Table 5. The average revisit time is shown in Fig. 12. 

 

 

Parameter Value 

Orbit type Sun-synchronous, phased 

Phased orbit parameters 

Number of revolutions per day = n + p/q 
(n,p,q) = (14,3,8) 

Local Time of Descending Node 12:30 PM 

Repeat cycle (q) 8 days 

Altitude 761 km 
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Inclination 98.2 deg 

Longitude of Ascending Node of Track 1 92.76154 deg W 

Table 4  TRISHNA orbit parameters 

3.5.2 Swath, angles, Ground resolution 865 

Parameter Value 

Ground Sampling Distance (nadir to edge 

of scan) 
57 m to 91 m (across-track) 

Total Swath 1026 km 

Maximum Sensor Zenith Angle 

(measured at the instrument) 
34 deg 

Maximum Observation  Zenith Angle 

(OZA) 

(measured at the surface target) 

38 deg 

Mean revisit time at Equator (different 

view angles) 
2.66 days 

Table 5  TRISHNA GSD and angles 

 

 

 

Figure 12  TRISHNA average revisit time map 870 
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3.5.3 Acquisition scenario 

The acquisition mask (Fig. 13 and Fig. 14) is defined to ensure full resolution coverage of all continental surfaces,  including 

at least 100km from the coast, and up to 150-200 km from the coast in the Indian ocean, especially off the Somalian Coast, 

and Bay of Bengal (major rivers deltas). It also includes closed seas, the Mediterranean Sea, and Antarctica coastline. 875 

 

 

Figure 13  TRISHNA acquisition mask, with the number of Sentinel2 tiles per area 

 

Figure 14  Acquisition mask on Arctic Ocean, exhibiting the 84.6°N UTM limit (left), and on Antarctica coastline (right) 880 

3.5.4 Spectral bands 

The specified central wavelengths, bandwidths and radiometric requirements are summarized in Table 6 and Table 7. 

 

Band name 
Wavelength 

Center (nm) 

FWHM 

(nm) 

Lmin 

(W/m2/sr/µm) 

Lmax
 

(W/m2/sr/µm) 

SNR @ Ltyp 

Blue 485 70 30 663.5 50 

Green 555 70 30 600.5 100 

Red 670 60 20 486.1 100 
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NIR 860 40 30 325.3 100 

WV 910 30 30 277 50 

Cirrus 1380 30 6 55.0 25 

SWIR 1610 100 4 77.9 100 

Table 6  VSWIR central wavelengths, bandwidths and radiometric requirements 

Band 

name 

Wavelength 

Center (µm) 

FWHM 

(µm) 

NEdT 

@300K (K) 
Tsaturation (K) 

TIR 1 8.65 0.35 0.25 > 350 

TIR 2 9.0 0.35 0.25 > 350 

TIR 3 10.6 0.7 0.2 > 350 

TIR 4 11.6 1.0 0.2 > 350 

Table 7  TIR central wavelengths, bandwidths and radiometric requirements. Note that the saturation temperature is 885 

expressed as top-of-atmosphere brightness temperature 

4 System definition 

4.1 Overview 

The major components of the TRISHNA System are:  

• The Control Ground Segment includes a command-and-control center, in charge of the satellite command and control 890 

functions including TIR commanding and VNIR/SWIR mission scheduling. 

• The satellite, which is composed of two payloads, the TIR and the VSWIR instrument, as described above, and of a bus. 

• The CNES and ISRO X band earth terminals and their connection to the payload ground segments are used for the 

downloading and the routing of the science data toward the Payload Ground Segments. 

• Two payload ground segments with the same capabilities are implemented, one in India (NRSC-Shadnagar, Hyderabad), 895 

one in France (CNES, Toulouse). 

 

4.2 Flight segment 

4.2.1 Bus 

The TRISHNA satellite is based on the IRS-1K heritage platform developed by ISRO, with specific adaptations to the payload 900 

deck. This platform builds upon a well-established family of ISRO Earth observation satellite buses, whose performance and 

design have been validated through numerous missions, including early IRS series satellites (e.g., IRS-1A mission) and the 

joint Megha-Tropiques mission carried out in cooperation with CNES. 

 

The platform has a dry mass of 770 kg, within a total satellite capacity of 1220 kg. Its power subsystem delivers up to 2 kW, 905 

relying on two nickel–cadmium batteries to ensure continuity of operations during eclipse periods. The satellite operates in a 

Sun-synchronous orbit and is three-axis stabilized, achieving a pointing accuracy of 0.1° in pitch, roll, and yaw. This level of 

performance is ensured by a zero-momentum reaction wheel system, combined with Earth, Sun, and star sensors, as well as 

gyroscopic measurements for precise attitude determination. 
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 910 

The platform provides a range of services to the payloads, including time-tagged commanding capabilities that enhance 

operational flexibility. It also incorporates a mass memory capacity of 1.4 Tbits and an X-band downlink enabling data 

transmission at rates up to 960 Mbps. A 50 kg propellant tank is allocated to support orbit acquisition and maintenance over a 

nominal mission lifetime of seven years. 

 915 

The satellite carries two instruments: a thermal infrared (TIR) instrument and a visible to shortwave infrared (VSWIR) 

instrument. 

4.2.2 Characteristics of the Thermal Infrared instrument 

The TIR instrument (Fig. 15) is developed by CNES with Airbus as prime contractor, as described in Charvet et al., 2022. The 

main TIR requirements are summed up hereafter: 920 

  

The key features are: 

• Scan mechanism allowing to address the +/-34° swath and calibration targets at each acquisition cycle 

• Instrument entrance pupil equivalent diameter 150 mm 

• Internal blackbody and cold space view for radiometric calibration 925 

• Full AlSi TMA telescope and optical bench 

• Telecentric optical design 

• Focal plane cooled down to 60 K including an MCT detector (PEGA from LYNRED) and 4 spectral filters 

• Cryostat structure in Additive Layer Manufacturing technology 

• Two LPT6510 cryocoolers from TCBV, operated in hot redundancy 930 

 
 

Figure 15  TIR instrument overview (left) and acquisition principle (right), adapted from Charvet et al., 2022 

 

The TIR instrument design is an optimal combination of recurring elements and innovative features which allow to achieve 935 

the required performance. 

 

4.2.3 Characteristics of the VNIR/SWIR instrument 
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Developed by ISRO, this instrument (Fig. 16) includes 7 spectral bands. The total mass is 120 kg. The VSWIR is a pushbroom 940 

concept (line acquisition with satellite displacement): 

 

Figure 16  Scheme of the VSWIR instrument (left) and swath coverage (right) (Courtesty of ISRO) 

The instrument concept relies on a multi-head optical architecture designed to achieve a wide field of view of ±34°. This total 

swath is distributed among three optical heads, each covering a portion of the across-track field. Each head integrates three co-945 

aligned cameras dedicated to distinct spectral domains: one in the visible and near-infrared (5 VNIR bands), one for the cirrus 

band, and one for the 1.6µm shortwave infrared band. This architectural choice is driven by the objective of leveraging existing, 

flight-proven filter and detector assemblies. 

4.3 Mission Ground Segment 

4.3.1 Two Payload Ground Segments 950 

As mentioned previously, there are two Payload Ground Segments. 

ISRO (respectively CNES) is in charge of the development, the validation, the exploitation and maintenance of the Indian 

(respectively French) Payload Ground Segment. 

Each payload ground segment is composed of 5 different components: 

▪ A payload data server (PLDS), in charge of receiving and distributing all files in interface with PLGS external entities 955 

▪ A payload data processing ground segment (PLDP), in charge of building up the products from level 0 to level 3 

▪ A Technical expertise center (TEC), one at CNES for the TIR instrument, one at ISRO for the VNIR/SWIR instrument, 

which encompasses the payload expertise function in charge of instrument calibration and characterization and a products 

expertise function in charge of quality monitoring and algorithm expertise. 

▪ A data distribution which distributes the products to the scientific community 960 

In addition, the French ground segment will implement a Payload Operation Center (PLOC) for TIR instrument command and 

control and technological operations management (vicarious calibration).  

4.3.2 Data production and dissemination, latency and archive: 

As a demonstration of the mission potential in real-time irrigation management, the goal is to distribute the products 12 hours 

after their acquisition. 965 

Since the global production represents a huge amount of data, the worldwide production and data storage is shared by the two 

ground segments. There is no duplication of the production nor storage (except for  selected cross-validation sites). 
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Figure 17  Mission data collection, processing and distribution 970 

Any data will be accessed from both portals Bhoonidhi (National Remote Sensing Centre (NRSC), Bhoonidhi – ISRO Earth 

Observation Data Hub https://bhoonidhi.nrsc.gov.in) and GEODES (Centre National d’Études Spatiales, GEODES – Earth 

Observation spatial data portal  https://geodes.cnes.fr), as shown in Fig. 17. 

 

Level 0, 1A, 1B products are for internal use only. They are not distributed to the users. 975 

Level 1C, 2A, 2B and 3 products will be distributed to the users, according to the TRISHNA open data policy.  

5 Overview of the products and calibration/validation strategy 

5.1 Processing chain 

The TRISHNA processing chain (Levels 0 to 3) is presented in Fig. 18. At Levels 0 and 1, the received telemetry is first sorted 

chronologically, and initial geometric models are established (GEO-INIT). Radiometric and spectral artefacts are then 980 

corrected, followed by absolute calibration and conversion to radiance (RADIO). The images are subsequently co-registered 

with reference data (GEO-REFINE) and resampled onto a UTM grid consistent with Sentinel-2 tiling, where the geometric 

correction is applied (GEO-PROJ). 

 

At Level 2A, surface radiative variables are retrieved through atmospheric correction and temperature-emissivity separation 985 

(ATMO-CORR). This step is followed by the estimation of vegetation biophysical variables (VARBIO), as well as albedo and 

surface fluxes. Level 3 products are finally derived as continuous time series (GAP-FILLING). 
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Figure 18  Products processing chain overview 990 

5.2 Products 

5.2.1 Level 0 and 1 Products 

Level 0 product is a raw data product, according to the CEOS definition. It corresponds to a complete decompressed image 

data-strip from one of the instruments, with full swath. It contains 7 spectral bands for the VSWIR L0 product, and 4 spectral 

bands for the TIR L0 product.  It contains raw data after restoration of the chronological data sequence at full time and spatial 995 

resolution. It includes all auxiliary and ancillary information to be used in subsequent processing. 

 

Level 1A products are generated from the extraction of single-resolution data from level 0 products of a given instrument. The 

Level 1A Product contains radiometrically normalized data from one of the instruments after decompression, selection of the 

part of the swath relative to the requested resolution, and ‘scene’ extraction; a scene is a subset along the data strip with  all 1000 

spectral bands of the camera. The scene size is limited by the source data strip. Bands are coarsely registered. 

 

Level 1B products are generated from level 1A products of a given instrument. The level 1B product provides geo tagged 

digital counts after radiometric correction, for a scene, in the focal plane geometry. Bands are coarsely registered. 

 1005 

Level 1C products are built from the gathering of VSWIR level 1B products and TIR level 1B product. Exogenous information 

is also used (mainly reference grid and DEM). The level 1C Product provides georeferenced TOA radiative variables: TOA 

reflectances for VSWIR channels, TOA brightness temperature for TIR channels. 

5.2.2 Level 2A Products 

Level 2A products are generated from 1C products. Data from both instruments can be used to generate level 2A products. 1010 

Exogenous information (mainly meteorological data) will be also used as input. To allow multi-temporal methods or to process 

data acquired by night, previous L2A are used as input. 

 

Level 2A products provide reflectances, emissivities and temperatures at surface level, as well as aerosol optical depth and 

total atmospheric water vapor content. Dedicated algorithms are activated, depending on whether the surface is water or land 1015 

and acquired by day or by night. 
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VSWIR data is only acquired during daytime. Over land, VSWIR instrument data is processed by MAJA (Hagolle et al., 2017, 

available on https://github.com/CNES/MAJA). To retrieve the integrated water vapor content, cloud mask, aerosol optical 

thickness and calculate surface reflectances, using a combination of multi-temporal and multi-spectral criteria Over water, the  

reflectances (dimensionless, fully-normalized for sun and sensor at nadir) are calculated using POLYMER atmospheric 1020 

correction (Steinmetz et al., 2011), which is able to recover water color in the presence of sun glint.  

 

The TIR instrument data is processed both daytime and nighttime. A specific night cloud mask using only TIR data with DEM 

information, based on the Bayesian theory is inspired from Hollstein et al., 2015. Over land, meteorological data from the 

ECMWF (e.g. water vapor and temperature profiles) is scaled to TRISHNA resolution, taking into account the water vapor 1025 

content retrieved from the VSWIR data processing and fed to the RTTOV radiative transfer code (Matricardi et al. 2001; 

Saunders et al., 1999) to compute atmospheric correction parameters (transmittance, upwelling and downwelling radiance). 

The temperature and emissivity separation is then performed using direcTES (Marcq et al, 2023). Over water,  surface 

temperature is calculated with the split window based NLSST algorithm (Walton et al 1998). 

5.2.3 Level 2B Products 1030 

Vegetation variables 

TRISHNA’s spectral sampling provides enhanced information on canopy structure and optical properties compared to classical 

vegetation index approaches, enabling more constrained and robust retrievals. The distributed vegetation variables are: 

▪ GAI (Green Area Index): total green leaf area per unit ground area (m²/m²), reflecting canopy density. It is sensitive to 

canopy structure and seasonal growth. 1035 

▪ Fcover (Fractional Vegetation Cover): fraction of ground covered by vegetation from a top view. It measures horizontal 

coverage, ranging from 0 (bare soil) to 1 (full canopy cover). Fcover does not account for vertical leaf layering: two 

canopies with same Fcover can have different GAI. 

▪ FAPAR (Fraction of Absorbed PAR): fraction of incoming photosynthetically active radiation (400-700nm) absorbed by 

the canopy. It measures light absorption and photosynthetic activity, so it is directly linked to primary productivity and 1040 

carbon assimilation. A high fAPAR implies efficient absorption of light, whereas a low value indicates sparse or stressed 

vegetation. 

State-of-the-art reviews indicate that machine learning approaches provide the best performance for biophysical variable 

retrieval, as they efficiently handle nonlinear processes and offer high computational efficiency (Smith, 1993; Weiss et al.,  

2002; Bacour et al., 2006; Duveiller et al., 2011; Weiss and Baret 2016). Among these methods, neural networks and Gaussian 1045 

processes show comparable accuracy when trained on similar datasets. Neural networks were selected for TRISHNA due to 

their computational efficiency and proven performance in operational algorithms, such as the Sentinel-2 SNAP vegetation 

products. 

To ensure global applicability, the algorithm relies exclusively on instantaneous TRISHNA observations and does not use 

auxiliary data, despite the inherently ill-posed nature of the inversion problem. This generic approach ensures robustness across 1050 

diverse vegetation types, though it may be less accurate than surface-specific algorithms for certain variables, particularly GAI. 

The training database is generated using radiative transfer model simulations to represent the full range of vegetation types, 

conditions, and reflectance uncertainties observable by TRISHNA. Particular attention is given to realistic leaf optical 

properties and background reflectance variability. 

Product quality is ensured through multiple indicators, including propagation of input reflectance quality flags, a unified 1055 

product confidence flag based on land cover consistency with model assumptions, range validity checks, and quantitative 

uncertainty estimates provided by the algorithm. 
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Albedo 

Albedo retrievals can follow two approaches: a modular processor chaining directional normalization, spectral computation, 

and narrow-to-broadband conversion, or a more physically rigorous inversion of the coupled surface–atmosphere radiative 1060 

transfer problem (Pinty et al., 2000; Govaerts et al., 2008; Liang, 2003). The modular approach, balancing accuracy, efficiency, 

and operational robustness, has been adopted for near-real-time products from POLDER, MODIS, SEVIRI, and within the 

LSA-SAF framework (Strahler et al., 1999; Geiger et al., 2008; Carrer et al., 2010). Since 2013, operational products from the 

Copernicus Global Land Service, now based on PROBA-V and Sentinel-3 (Roujean et al., 2018), represent the current 

European state of the art and serve as the basis for TRISHNA. 1065 

Evapotranspiration 

Thermal infrared-based evapotranspiration models exploit land surface temperature as a proxy for the integrated outcome of 

the complex biophysical processes governing ET, stomatal regulation, plant hydraulic conductance, root water extraction, and 

vapour transfer at the soil surface, without explicitly resolving any of them. This substitution is physically justified because 

LST responds directly and measurably to the partitioning of available energy between sensible and latent heat, making it a 1070 

powerful integrative observable of surface water status. Although the theoretical foundations of LST-based ET retrieval are 

well established (Lagouarde and Boulet, 2016), the primary sources of uncertainty in operational implementations are not the 

retrieval equations themselves but the accuracy and spatial representation of the ancillary inputs. These include air temperature, 

downwelling radiation, wind speed, and aerodynamic parameters. When extending instantaneous latent heat flux estimates to 

daily ET, an additional and often substantial source of uncertainty arises from the temporal extrapolation  and the quality of 1075 

the meteorological variables used to support it, particularly daily downwelling solar radiation. 

The practical difficulty of obtaining spatially representative meteorological data particularly air temperature and wind speed, 

and aerodynamic parameters such as roughness length and vegetation height at the native spatial resolution of TRISHNA (60 

m) motivated the adoption of contextual approaches based on evaporative fraction as the primary ET estimation framework. 

Contextual methods avoid the need for spatially distributed meteorological forcing by exploiting the spatial variability of LST 1080 

within a scene to infer the relative partitioning of available energy between sensible and latent heat. The method assumes that 

the atmospheric conditions are spatially homogeneous across the domain. The adopted framework for TRISHNA is the 

EVASPA tool (Gallego-Elvira et al., 2013; Olioso et al., 2016; Allies et al., 2020; Olioso et al., 2022), which provides 

continuous daily ET estimates through a multi-model, multi-data ensemble approach. The ensemble formulation additionally 

yields explicit uncertainty estimates for each ET retrieval, a capability rarely available in single-model operational frameworks. 1085 

The validity of contextual methods rests on three core assumptions, (1) spatial variations in LST within the scene are driven 

exclusively by differences in surface water status, fractional vegetation cover, or surface albedo; (2) climate variables and 

aerodynamic parameters are spatially uniform; and (3) wet and dry pixel extremes representing the upper and lower bounds of 

evaporative demand are identifiable within the scene. Violations of these assumptions arising from mesoscale atmospheric 

heterogeneity, topographic variability, or the absence of fully wet or fully dry pixels represent the principal structural 1090 

limitations of contextual approaches and must be carefully evaluated in landscapes with very homogeneous land use, or on the 

contrary for complex terrain or climatically heterogeneous landscapes. 

 

When these conditions are not met, a flag is raised. In any case, an alternative product is proposed. It is provided by the surface 

energy balance model, STIC (Surface Temperature Initiated Closure) (Mallick et al. 2018, 2022). STIC is a one-dimensional 1095 

(1D) analytical surface energy balance framework in which land surface temperature is directly integrated into the Penman-

Monteith equation to solve for latent heat flux and its governing conductances. The model assumes vertical (1D) exchanges 
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between the land surface and the atmosphere and enforces closure of both energy and mass fluxes without relying on prescribed 

empirical parameterizations of surface roughness needed to solve aerodynamic conductance. 

A central feature of STIC is the reformulation of the Penman-Monteith equation by explicitly incorporating LST to constrain 1100 

the aerodynamic temperature and the vapor pressure deficit at the evaporating surface. This enables a fully coupled solution 

of sensible and latent heat fluxes. Instead of using prescribed function to characterize roughness lengths for determining 

aerodynamic conductance, STIC derives the “critical conductances” analytically by combining the energy balance equation 

with state equations linking LST, radiative flux components, air temperature, vapor pressure deficit, and vegetation spectral 

reflectances at VNIR and SWIR domains. Through this integration, LST serves as the key state variable that links radiative 1105 

forcing to turbulent fluxes. The model simultaneously solves for aerodynamic conductance, surface conductance, sensible, and 

latent heat flux, ensuring internal consistency between energy partitioning and surface moisture constraints. This analytical 

closure reduces equifinality commonly found in widely used surface energy balance models, where conductances are often 

parameterized or externally prescribed. In its 1D formulation, STIC assumes homogeneous surface conditions within a pixel 

and neglects horizontal advection. Within these assumptions, it provides a physically consistent framework to retrieve ET and 1110 

stomatal behavior directly from satellite-derived LST and standard meteorological inputs, making it particularly suitable for 

high-resolution remote sensing applications. Comparison of STIC with several other models over a large dataset of 

ECOSTRESS images showed lower errors (Hu et al. 2023). However, under severe aridity, STIC also showed systematic 

overestimation. This is due to a key limitation of 1D surface energy balance models (such as STIC) that they assume purely 

vertical exchanges, neglecting horizontal processes like advection and spatial heterogeneity. In real landscapes, especially in 1115 

semi-arid and heterogeneous systems, lateral exchanges of heat and moisture (e.g., from hot bare soil to cooler vegetated 

patches) strongly influence surface temperature and flux partitioning. These are inherently 2D processes, which are not 

explicitly resolved in a 1D framework. This is where the LST-SWIR-VNIR synergy as implemented in TRISHNA version of 

STIC becomes critical. 

LST alone reflects the integrated energetic response of the surface. However, in a 1D model, similar LST values can arise from 1120 

different physical conditions: true stomatal closure due to water stress, increased sensible heating due to advection, and 

exposure of hot soil in sparse canopies. Without additional constraints, this leads to equifinality, where different processes 

produce the same thermal signal. The inclusion of SWIR and VNIR information provides independent physical constraints 

that help compensate for the absence of explicit 2D processes. The LST-SWIR-VNIR combination acts as a proxy for missing 

lateral information. It helps identify heterogeneity within a pixel (e.g., mixed soil-vegetation signals), it constrains surface vs 1125 

root-zone water control, and reduces bias in estimating stomatal conductance and ET. When integrated into a 1D model such 

as STIC, these additional constraints effectively mimic some of the information that would otherwise require a 2D 

representation, without increasing model complexity. In the context of TRISHNA, the simultaneous availability of high-

resolution LST and SWIR-VNIR observations provides a unique opportunity to move beyond purely thermal approaches and 

partially bridge the gap between 1D process representation and real-world 2D surface heterogeneity. 1130 

5.2.4 Level 3 Products 

The L3 product provides daily evapotranspiration (mm/day) time series, a value every day, to facilitate downstream 

applications in water resource and crop management (Guillevic et al. 2019). 

This product is created from the L2B daily single pixel evapotranspiration and the L2B daily contextual evapotranspiration 

but also from external radiation data and from meteorological data for days without TRISHNA acquisition (Delogu et al. 2021, 1135 

Farhani et al. 2022, Allies et al. 2022). 
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Concretely, level 3 processing reconstructs a complete daily ET time series using gap-filling methodologies. For each pixel, a 

daily ET value is either directly taken from a valid Level 2 observation or computed via interpolation between adjacent valid 

dates, or extrapolation from previous observations when no Level 2 data are available. 1140 

A sliding window of several days (typically one week) allows the product to be continuously updated as new clear-sky 

acquisitions become available. Once a date moves outside the sliding window, the daily ET value is archived and no longer 

updated. Interpolated values are refined when new observations are added, while high-quality Level 2 ET values remain 

unchanged. 

 1145 

The Level 3 product generates two complementary ET time series: contextual daily ET from the EVASPA algorithm and 

single-pixel daily ET from the STIC algorithm. Interpolation between acquisitions uses progressively more sophisticated 

methods in successive iterations, and in cases of large gaps, backward extrapolation may be applied to improve reconstruction: 

the simplest approach is linear interpolation, using incoming solar radiation as a support variable to improve temporal 

consistency. A more advanced method accounts for soil re-humectation due to precipitation, adjusting the ET values to reflect 1150 

post-rainfall increases in available water. The most sophisticated approach integrates a full soil water balance model (e.g. 

Ollivier et al., 2021), combining energy and water fluxes to constrain the interpolated ET in accordance with underlying 

hydrological dynamics. This approach allows progressively more physically realistic reconstructions while balancing 

computational cost and data requirements. 

5.3 TRISHNA distributed products 1155 

The variables in TRISHNA distributed products are listed in Table 8. 

 

Level Content Variables 

1C 

Top-of-Atmosphere variables 

Radiometrically and geometrically 

calibrated 

Orthorectified and resampled on a 

uniform spatial grid (Sentinel-2 tiles, 

Copernicus DEM) 

✓ TOA reflectances x7 VNIR/SWIR bands 

✓ TOA brightness temperatures x4 LWIR 

bands 

✓ Cloud mask 

 

2A Surface radiative variables 

✓ Land & Water Surface reflectances x 5 

VNIR/SWIR bands 

✓ LST, SST 

✓ LSE x4 LWIR bands 

✓ Cloud mask, TWVC, AOT 

2B Ecosystem variables 

✓ GAI, FCOVER, fAPAR 

✓ Albedo 

✓ Downward solar flux 
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✓ Daily evapotranspiration (contextual) 

✓ Daily evapotranspiration (single-pixel) 

✓ Water stress factor 

3 
Ready-to-use ecosystem stress and 

water use variables 

✓ Continuous time series of daily 

evapotranspiration (contextual) 

✓ Continuous time series of daily 

evapotranspiration (single-pixel) 

Table 8  Distributed products 

5.4 Overview of the calibration/validation strategy 

TRISHNA CAL/VAL strategy combines statistical satellite-based methods, natural reference targets, permanent ground 1160 

validation sites, and targeted field campaigns to ensure accurate radiometric calibration and reliable geophysical products 

throughout the mission lifetime. 

 

Initial verification relies on in-orbit calibration using onboard references (TIR) and natural targets, complemented by inter-

calibration with other satellite sensors and statistical analyses over stable surfaces such as deserts, oceans, and clouds. These 1165 

approaches enable continuous monitoring of instrument performance and ensure the consistency of top-of-atmosphere 

reflectances and brightness temperatures (level 2A) throughout the mission lifetime. 

 

A central component of the strategy is the use of existing ground-based validation networks and dedicated field campaigns to 

evaluate the accuracy of higher-level products, including surface reflectance, land surface temperature, emissivity, and 1170 

atmospheric parameters. 

 

The CAL/VAL strategy for Level-2B and Level-3 products of the TRISHNA mission focuses on validating higher-level 

biophysical and energy balance variables such as surface fluxes, evapotranspiration, vegetation variables, albedo, and 

downwelling radiative fluxes. Unlike Level-1 and Level-2A validations, which primarily assess radiometric performance and 1175 

surface radiative variables, Level-2B/3 validation aims to evaluate how well TRISHNA products represent ecosystem 

processes and land–atmosphere interactions under real environmental conditions. This requires validation over representative 

landscapes and dynamic ecosystems, where surface properties, vegetation structure, and water availability vary in time and 

space. 

 1180 

To support this objective, the strategy relies on a network of instrumented “supersites” in India, in South of France and in 

Sahel, equipped with comprehensive in situ measurements of meteorological variables, radiation, surface temperature, soil 

moisture, and turbulent fluxes (e.g., eddy covariance). These supersites provide long-term, high-quality datasets that enable 

the validation of energy balance components and evapotranspiration estimates derived from TRISHNA observations across 

different climates, vegetation types, and hydrological conditions. Additional targeted field campaigns may complement these 1185 

sites to address specific scientific questions, such as the effects of surface heterogeneity, canopy structure, atmospheric 

turbulence, or snow emissivity. 
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6 Synergies with other Earth Observation missions 

Like TRISHNA, the following future missions plan to provide global sub-weekly estimates during the afternoon:   

 1190 

LSTM, ESA’s COPERNICUS High Priority Candidate mission for land surface temperature, will improve the temporal (2 

days) and spatial (35 to 50 meters) resolutions of TRISHNA, with 5 bands in LWIR. 

 

EAGLE is a global hyperspectral VSWIR & multispectral TIR remote sensing NASA-JPL mission for ecosystems, 

mineralogy, coastal zone, natural hazards, snow & ice. The current mission design includes a 60-meter resolution, and a 3-day 1195 

revisit. 

 

The orbital configuration of TRISHNA and LSTM generates a structured and highly predictable spatiotemporal sampling 

pattern. Because the relative drift between the two satellites is governed by a fractional difference in orbital revolutions, their 

mutual overpasses (interferences) are evenly distributed in time and longitude once one crossing point is fixed. Over a period 1200 

of approximately 2 + 2/3 days, TRISHNA completes 38 + 1/3 revolutions while LSTM completes 37 + 1/3, leading to three 

successive overtakes separated by 120° in argument of latitude. Consequently, these alignments occur at three distinct latitudes, 

providing latitudinal diversity in coincidence geometry. During certain phases of this cycle, TRISHNA becomes co-aligned 

with one LSTM platform, enabling high-quality intercomparison, cross-calibration, and radiometric harmonization without 

increasing instantaneous global coverage. In complementary phases, TRISHNA samples the longitudinal gaps between the 1205 

two LSTM satellites, effectively densifying revisit frequency and enhancing temporal resolution. This resonance pattern 

repeats with strong similarity every ~2.67 days and achieves near-perfect recurrence every 8 days—corresponding to 

TRISHNA’s repeat cycle—at which point TRISHNA has completed three additional orbits relative to a single LSTM. 

 

Merging the sets of observations from these different missions would allow densified time series of LST,  closer to the daily 1210 

revisit, which is more appropriate to ET estimation. None of the foreseen missions can reach this goal individually. Moreover, 

multi-mission time series allows the diurnal ET cycle to be better constrained.   While the 100 m resolution of Landsat 8/9 

TIRS is a limitation for per-parcel estimation in many parts of the world (but this will be improved with LANDSAT-Next), 

over large parcels or homogenous areas, the diurnal signal could be retrieved.  In addition, a strong synergy exists between 

thermal and optical missions that fly at similar local time. For example, some opportunities exist to downscale and interpolate 1215 

Landsat 8 thermal observations using Sentinel-2 data through data fusion algorithms (eg. Yang et al., 2017; Semmens et al., 

2016). 

 

To ensure consistency, interoperability, and long-term performance alignment among TRISHNA, LSTM and EAGLE-TIR, 

there is overlap among the LSTM Mission Advisory Group, the TRISHNA Science Team, and the EAGLE-TIR Mission 1220 

Science and Applications Team, with several experts contributing actively across all three bodies. The following coordinated 

actions are required: 

 

First, mission strategies are coordinated, including harmonized overpass times and acquisition masks, in order to maximize 

simultaneous observations and enable systematic inter-comparison. Such coordination enhances the robustness of cross-1225 

mission analyses and strengthens the statistical basis for consistency assessments. 
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Second, product harmonization is essential to improve the comparability and interoperability of derived geophysical variables, 

with particular emphasis on performance alignment. This includes, to the greatest extent possible, the use of common—or at 

least performance-equivalent—auxiliary data sets (e.g., atmospheric profiles, emissivity databases, cloud masks, and 1230 

geolocation inputs). Ensuring comparable input data and processing assumptions will facilitate convergence in retrieval 

performance and uncertainty characterization across missions. 

 

Third, compatibility in product structure and formatting should be pursued to enable seamless integration of datasets into 

downstream applications. The objective is to allow users to ingest LSTM, EAGLE-TIR, and TRISHNA products without 1235 

major format conversions or mission-specific adaptations, thereby reducing risks of processing errors and limiting additional 

costs related to development, validation, and long-term maintenance. 

 

Furthermore, coordinated in-flight inter-comparison activities should be implemented to quantify radiometric consistency and 

retrieval biases under real observational conditions. These efforts should be supported by a common calibration and validation 1240 

framework, including harmonized protocols, shared reference sites, and aligned uncertainty budgets. Finally, joint airborne 

campaigns would provide high-quality reference measurements under controlled conditions, enabling cross-mission 

performance assessment and supporting algorithm refinement. Collectively, these measures would establish a coherent 

framework for maximizing scientific return and ensuring sustained interoperability among the three missions. 

7 Conclusion 1245 

The TRISHNA mission is designed to address a long-standing gap in thermal infrared Earth observation by combining high 

spatial resolution multispectral TIR measurements (60 m) with wide swath coverage and frequent revisit of 3 days, thereby 

supporting systematic monitoring of surface energy processes at scales relevant to natural and managed ecosystems. This 

concept has become possible thanks to recent advances in thermal infrared instrumentation and mission concepts, which have 

opened new perspectives for land surface temperature monitoring, enabling observations that were previously limited by 1250 

constraints on spatial resolution, revisit frequency, and radiometric performance. 

The mission concept was carefully elaborated through an integrated design approach—linking orbit configuration, spectral 

definition, viewing geometry, and calibration strategy—to meet the stringent requirements imposed by applications such as 

evapotranspiration estimation, vegetation water stress monitoring, and coastal and inland water observations. The simultaneous 

acquisition of VNIR, SWIR, and TIR data will enable physically consistent retrievals of key surface variables, while ensuring 1255 

compatibility with past and future Earth observation missions. In particular, TRISHNA is positioned to operate in strong 

synergy with existing and forthcoming high-resolution thermal missions, including LSTM and EAGLE-TIR, contributing to 

improved temporal sampling, cross-calibration opportunities, and long-term continuity of land surface temperature records. 

Overall, the TRISHNA mission exemplifies the transition toward a new generation of thermal infrared Earth observation 

systems, in which improved spatial detail, temporal revisit, and radiometric consistency jointly support both scientific advances 1260 

and operational applications. The data products anticipated from this mission will provide a valuable foundation for future 

research and applications in land surface process monitoring, climate adaptation, and sustainable resource management. 
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8 Code and data availability 

No mission data are publicly available at the time of publication because the satellite is currently under development. Following 

launch and commissioning phase, the mission products will be distributed through the Bhoonidhi and GEODES data portals. 1265 

Information on data access will be provided on the mission website (cnes.fr/en/projects/trishna). The Algorithm Theoretical 

Basis Documents (ATBDs) describing the scientific data products will be published separately. In addition, the prototype 

processor for the generation of the TRISHNA evapotranspiration products is being prepared for open-source release. 
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