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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Total
(%)

User’s accuracy 
(%)

Producer’s 
accuracy (%)

Map
1 2.04 0.01 0.06 0.05 0.29 0.01 0.01 0.23 0.04 0.07 0.02 0.01 0 0.01 0 0 0.01 2.86 71.3±2.9 72.6±3.4

2 0 8.46 0 0.09 0.05 0 0 0.4 0.08 0.02 0 0.06 0 0.12 0 0 0 9.28 91.2±1.2 92.6±1.1

3 0.05 0 1.08 0 0.13 0 0.01 0.09 0 0.02 0.02 0 0 0 0 0 0 1.41 76.7±3.9 68.7±4.7

4 0 0.01 0.01 0.95 0.05 0 0 0.09 0.03 0 0 0 0 0.02 0 0 0 1.14 82.8±2.8 42.8±3.4

5 0.2 0.17 0.21 0.64 3.52 0.03 0.02 0.59 0.15 0.02 0.03 0 0.02 0.33 0 0 0.02 5.95 59.2±2.6 76.2±2.6

6 0 0 0 0 0 0.05 0 0 0 0.01 0 0 0 0 0 0 0 0.07 70.0±6.0 3.6±0.8

7 0.22 0.02 0.07 0.05 0.19 0.48 11.64 0.51 0.36 1.24 0.17 0.36 0.02 0.15 0 0.48 0.02 16.00 72.7±1.7 83.9±1.8

8 0.26 0.17 0.06 0.28 0.17 0.09 0.3 4.84 0.58 0.11 0.07 0.09 0.01 0.44 0 0 0.02 7.50 64.6±1.9 57.5±2.2

9 0 0.16 0.03 0.05 0.05 0.46 0.24 1.02 5.25 0.13 0.03 0.22 0.05 0.38 0 0 0 8.08 65.0±2.8 71.9±2.4

10 0.02 0 0.04 0.02 0.06 0.23 0.79 0.19 0.21 6.37 0 0.48 0.02 0.21 0 0.23 0.01 8.90 71.5±1.7 72.1±2.1

11 0.01 0.02 0 0 0.01 0.01 0.06 0.05 0.06 0.01 0.48 0.01 0 0 0 0 0 0.73 65.0±6.2 57.3±7.5

12 0.01 0.01 0 0 0.04 0.02 0.07 0.05 0.16 0.46 0.01 6.97 0.08 0.55 0 0 0.02 8.44 82.6±1.2 79.7±1.7

13 0 0 0 0 0 0 0.01 0.01 0 0 0 0.04 0.35 0.01 0 0 0 0.42 81.7±3.6 58.9±6.7

14 0 0.1 0.02 0.06 0.05 0.01 0.06 0.34 0.39 0.18 0 0.41 0.03 2.7 0 0.01 0 4.35 62.0±2.1 53.9±2.7

15 0 0 0 0 0 0 0.17 0 0 0 0 0 0 0 10.19 0 0 10.36 98.3±1.7 100.0±0.0

16 0 0 0 0 0 0 0.49 0 0 0.18 0 0.09 0 0.09 0 12.53 0 13.37 93.7±1.4 94.5±0.9

17 0 0 0 0 0 0 0 0 0 0.02 0 0 0 0 0 0 1.11 1.13 98.3±1.7 91.3±3.2
Total 2.81 9.13 1.57 2.21 4.62 1.4 13.87 8.42 7.31 8.83 0.83 8.75 0.59 5.01 10.19 13.26 1.21 100

Error matrix of estimated area proportions (in percentage) for the 2014 product. Overall 
accuracy is 78.5 ± 0.6%.

Summary
VIIRS observations from S-NPP have been used to generate

global surface type maps on an annual basis. The primary
product is an Annual Surface Type (AST) map derived using VIIRS
observations acquired within one full calendar year. This
product uses 17 IGBP classes to characterize the Earth's surface
at approximately 1-km spatial resolution. To facilitate product
use in specific applications, two additional maps are produced
by reclassifying the IGBP map using the classification schemes
required by those applications.

The overall accuracies of the IGBP classifications for the years
between 2012 and 2018 varied between 76% and 79%,
exceeding the JPSS L1RD requirement of 70%. The 2019
product is being developed with a planned release date in late
summer/early fall. Future products will be produced by
incorporating VIIRS data from NOAA-20 and VIIRS-like
observations that will be available when the planned EUMETSAT
Metop Second Generation (Metop-SG) satellite is lanuched.
Togehter, these obsevations will greatly improve the feasibility
to monitor sub-annual dynamics important for weather/climate
processes, including rapid changes in surface inundation,
snow/ice cover, and vegetation conditions. The VIIRS Surface
Type team will explore and demonstrate capabilities for
monitoring such changes.
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Methods

Results

Future Directions

Primary Product Application Specific Products

Overall Approach

Improved Image Composting Method

Advanced Classification Algorithm

Major Characteristics of Primary Product
• 17 IGBP Surface Types
• 1 km spatial resolution
• Mapped annually
• Available in both Sinosoidal projection and Lat/Long

Reference Data

Accuracy Assessment

Large quantities of reference samples have been derived based on
Google Earth and other available high resolution imagery
• Well distributed across the globe
• Highly reliable class labeling
• Training samples: > tens of thousands, add as needed
• Validation samples: ~6000 selected following a probability based

sampling design.

Accuracy estimates are derived following well-established accuracy assessment 
protocol (Olofsson et al. 2014)
• Overall accuracies varied between 76% and 79%
• Meet the 70% JPSS L1RD requirement for the AST product
• Better than accuracies reported for MODIS land cover products

Product Dissemination

We will focus in the following areas in our future 
research:
• Continue to produce the VIIRS Annual Surface 

Type (AST) product
• Incorporate VIIRS continuity and VIIRS-like 

observations
• VIIRS continuity: NOAA-20, future JPSS 

missions
• VIIRS-like observations: METImage onboard 

METOP-SG, AM mission by Europe 
• Explore and demonstrate capabilities for 

monitoring sub-annual surface type dynamics
• Focus on changes important for 

weather/climate processes:
• Snow/ice, surface inundation, vegetation

• Leverage existing/planned products/ 
capabilities

Surface Type map with classes needed to support NCEP modeling

Surface Type map with classes needed to support LAI/FPAR retrieval

Current and planned VIIRS missions will allow continuity of the AST product

Self-Adaptive Compositing (SA-Comp) method produces clear view composites for 
both vegetated and non-vegetated (water, snow/ice, desert, etc.) surfaces

The support vector machines (SVM) method is designed to find optimal boundaries 
between classes, and hence is more resistant to noises and typically produces more 

accurate results than other classification algorithms

Near Identical AST productsNear Identical Images

MetImage-SG has most of the VIIRS bands (from Cao 2019)

Flooding often results in large changes in surface inundation. The VIIRS
Floodwater Fraction Map Products could be used to provide near daily
update of surface inundation

Surface type maps updated for daily snow cove changer by
integrating snow cover maps generated through the
Interactive Multisensor Snow and Ice Mapping System (IMS)

Prototype of sub-annual update of vegetation changes due to fire 
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Sheet1

		Error Percentage in Training		MLCtotalaccu		MLCuseraccu		MLCproduceraccu		DTtotalaccu		DTuseraccu		DTproduceraccu		ARTMAPtotalaccu		ARTMAPuseraccu		ARTMAPproduceraccu		SVMtotalaccu		SVMuseraccu		SVMproduceraccu		KPtotalaccu		KPuseraccu		KPproduceraccu

		0		0.9043532291		0.8450679202		0.8653190598		0.8978069816		0.8111766293		0.8742828853		0.8737802693		0.7929436117		0.802976736		0.9106649181		0.8510190824		0.8851585899		0.924459925		0.8689375695		0.8899285437

		5		0.8349957957		0.7737677248		0.8405469008		0.8487012211		0.7668487766		0.7952362139		0.7784007214		0.675018155		0.6838600089		0.9012607449		0.8189384181		0.8874051477		0.9138472523		0.8462971529		0.8776243194

		10		0.7730713856		0.7377180543		0.7848403845		0.7798872723		0.7373392455		0.7014111389		0.7035388164		0.6504028048		0.6420157248		0.918954111		0.8259010612		0.9195208068		0.8979334337		0.8217598034		0.8599259873

		15		0.7421245284		0.6753395467		0.7264424903		0.7050199979		0.656584719		0.5927959515		0.610402832		0.6080170244		0.450492211		0.8894582765		0.7776865363		0.8949137343		0.8753379664		0.7827060238		0.8524053446

		20		0.7380831609		0.7461258765		0.623655716		0.6460847088		0.5830069764		0.5716687971		0.5995244576		0.5149589756		0.521970462		0.8982000303		0.756434965		0.9001164934		0.8448673854		0.7586525673		0.7975338271

		25		0.6199262085		0.6575304771		0.5947533579		0.5747053835		0.5727459161		0.4552931693		0.5038403685		0.5629012205		0.3385652586		0.9165968033		0.8225788105		0.9065381321		0.7664109464		0.634853588		0.75205645

		30		0.584223838		0.650125108		0.5342777033		0.548076782		0.518842759		0.4483602577		0.5533554653		0.4057847608		0.4174391711		0.9032974029		0.7750955418		0.9081128101		0.6948017162		0.5632356122		0.5721295053

		35		0.557254809		0.3178505616		0.6066094834		0.4700990354		0.4154748995		0.3834519259		0.3181101839		0.3999870721		0.2059256706		0.8477015959		0.6137002398		0.837712421		0.5353376013		0.3068048001		0.4537652476

		40		0.4097222098		0.3944342189		0.253746069		0.3747403391		0.3657960564		0.2619406256		0.3079979503		0.3875531876		0.2813309189		0.4789843343		0.2004855542		0.5369687966		0.5229812672		0.239413305		0.4104951687

		45		0.3244113129		0.2647230778		0.2313092789		0.3164148482		0.3228205764		0.2509556565		0.2691562913		0.3974480781		0.2109716304		0.3467588875		0.4219605107		0.2698967229		0.0802462783		0.2503297876		0.1411720694

		50		0.3713021474		0.2056567097		0.2643446665		0.3719351241		0.3692233914		0.271919084		0.5069161178		0.4462620526		0.3621935271		0.1739040904		0.2591947803		0.1592320628		0.248063036		0.9850892331		0.2492238694





Overall

		Error Percentage in Training		MLC		DT		NN		SVM		KP

		0		0.9043532291		0.8978069816		0.8737802693		0.9106649181		0.924459925

		5		0.8349957957		0.8487012211		0.7784007214		0.9012607449		0.9138472523

		10		0.7730713856		0.7798872723		0.7035388164		0.918954111		0.8979334337

		15		0.7421245284		0.7050199979		0.610402832		0.8894582765		0.8753379664

		20		0.7380831609		0.6460847088		0.5995244576		0.8982000303		0.8448673854

		25		0.6199262085		0.5747053835		0.5038403685		0.9165968033		0.7664109464

		30		0.584223838		0.548076782		0.5533554653		0.9032974029		0.6948017162

		35		0.557254809		0.4700990354		0.3181101839		0.8477015959		0.5353376013

		40		0.4097222098		0.3747403391		0.3079979503		0.4789843343		0.5229812672

		45		0.3244113129		0.3164148482		0.2691562913		0.3467588875		0.0802462783

		50		0.3713021474		0.3719351241		0.5069161178		0.1739040904		0.248063036
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