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Outline

1. Context: Role of estimated smoke
emissions in an aerosol forecast model

2. Data Requirements for Fire Observations

3. Challenges of Multi-Sensor Integration
1. Fire Sensor Constellation— present + future
2. Specific challenges with Polar Orbiter Data
3. Strategy for Sensor Normalization
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The Heart of the Process
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Smoke sources in Aerosol Forecasting:
If you miss the source, DA helps little.

4. When sources are missed by fwd. model, data
assimilation will improve instantaneous analysis, but
innovation will be erased in subsequent time steps.
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Presenter
Presentation Notes
In this slide, the NAAPS data from the previous slide is on the left, AOD data from MODIS-Terra is in the center, and I’ve also included an example from a mesoscale simulation of this scene that was done using the COAMPS model on the right. I should point out that these aerosol data have not been filtered completely, and so are a bit optimistic in terms of data density. The first thing I want to bring out here is, if you miss an emission source completely in the forward model, data assimilation is unlikely to help much. The density of observations will be insufficient to capture the shape of the plume, and so innovations will generally not be preserved through future model steps. Also, AOD assimilation entails perturbation of the 3-D distribution of aerosols using a 2-D observation, and so the vertical information provided by the forward model is very important. In the current implementation, if the forward model shows no plume, vertical information is derived from climatology.


®

Smoke From Multiple Sources: Demands

More from Forward Model

5. Effect of DA in complex transport DA here will produce
scenarios (common at mesoscale) mixed results, because
depends on plume shape depends on |_ plume shapes from fwd.

source relative magnitude. model are incorrect.i
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Presenter
Presentation Notes
This is a more complex case. Here we have two plumes, both contributing to the same air space. The model, as seen on the left and right, thinks that both sources are about equally strong. The observations, shown in the center, indicate that the smoke from Borneo is much less than that from Malaysia. When we consider the area of enhanced aerosol in between, we can expect that the data assimilation will improve our analysis of aerosol in the region, but will not improve the forecast as much as it could, because the plume shape on which the data assimilation will operate is incorrect. The crucial information here, to get the most improvement out of the assimilation step, is to capture the relative magnitude of the sources contributing to aerosol in a given airspace.


With Data Assimilation, what must
the Forward Model Do?

Do not miss fire events!

Get injection right

Get fire timing right

Separate “high-emission” and “low-emission”
events

5. Use DA systems to provide feedback to

emission models

1. Directly: use innovations to modify source
terms at each timestep

Indirectly: use DA to test ¢
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Presenter
Presentation Notes
The Data Assimilation System, in addition to providing improved initial conditions for the forecast model, also provides information that can be used to improve the forward model in two ways. First, the innovations from the data assimilation system can be fed directly back into the forward model, to achieve simple first-order regional corrections to emissions magnitudes. Second, data assimilation systems can be used offline to test specific hypothesis about fire and emissions behavior. Both of these approaches are needed to get forward models where they need to be to produce accurate forecasts. The drive to apply these approaches is especially strong at present because…


Information Requirements

« Latency of Data * Resolution Requirements
— Faster is better — Location of Fires (Spatial
— for GEO, should be within one Resolution)
hour « For atmospheric purposes:

~10km

» For fuels mapping: ~100m
— Current data sources do not

— for LEO, less strict
* requires diurnal interpolation

« Data delivered achieve this
— Fire detections — Ergo, fire location
information is incomplete

* location + timing
* view conditions
— Satellite Scan pattern

* scanned « This is a subpixel property

* not scanned _
. detecti ibl * Current products provide
. g D1 information, but application

— Ancillary poses challenges

— Timing of Fires
* Hourly
— Intensity of Fires
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The Global Geostationary Fire Detection Constellation
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Global Geostationary
Active Fire Monitoring
Capabilities
(from Elaine Prins,
Wisconsin CIMSS)

=20
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Satellite View Angle — 80°
80 G- 65°

Satellite Active Fire Resolution SSR Full Disk Coverage 3.9 um Saturation Minimum Fire Size at Equator
Spectral Bands IGFOV (km) | (km) Temperature (K) (at 750 K) (hectares)
GOES-E/-W Imager 1 visible 1.0 0.57 3 hours >335 K (G-11) 0.15
(75°W / 135°W) 3.9 and 10.7 ym 4.0 2.3 (30 min NHE and SHE) >335 K (G-12)
GOES-10 Imager (60°W) 1 visible 1.0 0.57 3 hours (Full Disk) ~322 K (G-10) 0.15
(Cease operation December 2009) 3.9 and 10.7 um 4.0 23 15 min (SA)
Met-8/-9 SEVIRI 1 HRV 1.6 1.0 15 minutes ~335 K 0.22
(9.5 °E, 0°) 2 visible 4.8 3.0
1.6, 3.9 and 10.8 pum 4.8 3.0

MTSAT-1R JAMI (140°E)
MTSAT-2 (HRIT) (145°E)
Operational 2010

1 visible
3.7 and 10.8 um

1.0
4.0

1 hour

~320 K (MTSAT-1R)
330 K (MTSAT-2)




Fire Detection from Polar Orbiters

« MODIS (used in Navy Operations / FLAMBE)

— greatest sensitivity of all current sensors
— highest spatial resolution
— global coverage, incl. high latitudes

« NPP VIIRS (info. from Louis Giglio, SSAI)

— higher spatial resolution
— slightly improved coverage
— saturation issue in Band M15 (10.3-11.3um)
» expected to saturate for 75% of MODIS-detectable fires
» on-board aggregation: saturated+unsaturated = ??
* No pre-launch characterization of sensor above Tsat

— Best case: equal or better detection, no characterization
* A big step up from AVHRR, a step back from MODIS

. Others: AATSR, TRMM VIRS (not used for NRT for now)
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Multi-Sensor Integration

 Relevant sensor characteristics
— scan pattern
— sensitivity
— detection conditions (saturation, etc.)

e These must be modeled to describe
differences between sensors

» Sensor outputs can then be normalized

* |deal Normalization Metric: Fire Radiative
- Energy Surplus per area scanned
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Factors Affecting Detection

* Fire Properties * Detection Conditions
— Size — view angle
— Temperature — background T
— Shape — surface properties
* Sensor Properties * Diurnal Cycle
— resolution

— radiometric precision
— saturation level

28 April 2010 Hyer NRL Aerosol Obs. Workshop




What does MODIS detection look
like across the scan?

16-day - Aqua - Daytime ‘Left zone = nadir
*15% of MODIS
pixels

*8% of pixel area
*~20% of fires

| «Center = mid-scan
! *65% of pixels
*48% of pixel area
] ~65% of fires
1*Right = scan edge
*20% of pixels
*45% of pixel area
*~15% of fire

Cumulative Fraction
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Presenter
Presentation Notes
There’s a lot here:

Fire pixels closely track total pixels. There’s a brilliant discovery there, somewhere, but I don’t have it.

 Fire pixels deviate to increasing occurrence near nadir (small scan angles)

Area coverage depends a lot on those wide scans. If you cut off the scan edge, as many would like to do, you sacrifice a lot of coverage.

The two lowest (concave) curves are without (solid thin curve) and with (dashed double curve) the oversampling of MODIS scans at the scan edge.

I’ll unpack these.


Challenges: LEO sensors

* Wide range of scan angles

» Low Spatial Repeat Frequency
— Requires external input of diurnal cycle

« Complex scan pattern
— 16-day orbital repeat cycle
— Daily coverage with high scan angles
— Nominal overpass time # actual

 However, higher resolution == greater
£ sensitivity 3
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Challenges: Sensor Comparison

* Fire is a highly variable signal
— 30 minutes is a long time

10:00 AM (Landsat ETM+) M °10:00 (Landsat ETM+)’
10:30 AM (AM-1 ASTER) Og : W '10:30 (ASTER)’
0 04 08

Scan Angle and
Overpass Time
Interact to Determine
Detection Efficiency

20 40 60

Flre fronts have significant movement
. across Iandscape in 30.][1]““1&6‘ o sl

200910021745_ T “""“?”fp (
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Challenges: Sensor Comparison

* Fire is a highly variable signal
— 30 minutes is a long time
— 1500m is a big jump

*Spatial resolution of sensors does not
allow 100% attribution of fuels in mixed
landscapes

*Systematic bias because fires are not
evenly distributed spatially (Hyer and
Reid, GRL 2009)

andom error that disrupts
spatial/temporal pattern of emissions

Active Fires

OGOES (4 km)

+ MODIS-Aqua (1 km)
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Challenges: Sensor Comparison

 Fire is a highly variable signal
— 30 minutes is a long time
— 1500m is a big jump

* Fire is largely a subpixel phenomenon
— resolution of obs. is critical

— satellite-to-ground fire attribution will fail in all but the
simplest situations

— In most cases, satellite sees “fire activity,” not “fires”
* Normalization between sensors:

— IS necessarily statistical
— requires large datasets to compare
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Challenges: Sensor Comparison

* Normalization between sensors:
— Is necessarily statistical

— requires |
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Thanks!

 WF_ABBA team at CIMSS
— Chris Schmidt & Elaine Prins

« MODIS Fire Team SpOﬂSOFSZ
— Louis Giglio, SSAI
 FLAMBE team at NRL
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