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A noticeable conversion of Tree to Barren or Impervious Land Cover in 2021 and 2023 following the massive 
fires of 2020 is also evident.

These examples highlight how LCMS products relate to each other for several types of landscape change 
events. Some other notable examples where the suite of vegetation cover Change, Land Cover, and Land Use can 
provide a flexible monitoring framework may include, but are not limited to:

Land Use conversion from Forest or Agriculture to Developed
Forest Land Use remaining Forest after a Fast Loss event for deforestation monitoring
Conversion of Grass/Forb/Herb to Tree over Rangeland
Wildfire risk where there was Slow Loss over Tree areas that have yet to result in Fast Loss or Gain
Land Use conversion from Forest to Agriculture following Fast Loss events
Post-disturbance monitoring for areas of limited recovery

Exploring outputs.  Visualizing, summarizing, and filtering a time series map output such as LCMS can 
be challenging. We provide several online tools to enhance the useability of LCMS. The LCMS Data Explorer 
(https://apps.fs.usda.gov/lcms-viewer; Fig. 10) provides users the ability to explore the LCMS dataset in a flexible, 
highly interactive environment. Users can view the data on a map as individual layers or an interactive animated 
time lapse. They can also inspect values and summarize outputs over areas of interest. The LCMS Dashboard 
(https://apps.fs.usda.gov/lcms) provides quick summary reports for pre-defined summary areas such as coun-
ties and states and Forest Service Forest and District boundaries. LCMS-in-Motion (https://apps.fs.usda.gov/
lcms-viewer/lcms-in-motion.html) provides an animated GIF for every National Forest and Ranger District.

Using LCMS with FIA Data.  As mentioned earlier, land use and land cover maps allow for more precise 
and more local statistical estimates when used to augment operational field inventories. A distinguishing feature 
of the LCMS product suite is differentiation of land use and land cover. The Land Use product is particularly 
promising for estimating area of forestland, a keystone application for FIA, because areas managed as forests 
may or may not have tree cover. When used with FIA’s field data and a generalized regression estimator (GREG) 
in a model-assisted context64, the LCMS land use map greatly improved precision of forestland area estimates 
within 640 km2 hexagons covering the US. Figure 11 displays the relative efficiency of model-assisted estimation 
of forestland estimates across the country. The average relative efficiency using LCMS Land Use in this context 
was over 3.0 per hex, meaning that three times the standard density of FIA plots would be needed to achieve the 
precision of model-assisted estimation with LCMS. The average relative efficiency using the LCMAP1 base map 
product, which does not differentiate use and cover, was approximately 1.25. While precision gains would vary at 
different scales, this use case illustrates how LCMS might practically and cost-effectively multiply the statistical 
power of FIA’s existing sample.

User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s SE 
(+/− %)

User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s SE 
(+/− %)

Change – Level 1 Change – Level 1

CONUS
Not-Disturbed 99.3 0.01 99.79 0.01

SEAK
Not-Disturbed 99.83 0.03 99.98 0.01

Disturbed 71.45 0.92 42.16 0.77 Disturbed 82.85 8.2 31.93 6.3

PRUSVI
Not-Disturbed 96.84 0.12 99.42 0.05

HI
Not-Disturbed 97.27 0.11 98.5 0.08

Disturbed 75.37 1.98 35.49 1.51 Disturbed 36.66 2.16 23.91 1.54

Change – Level 2 Change – Level 2

CONUS

Stable 96.01 0.03 96.99 0.03

SEAK

Stable 99.38 0.05 99.43 0.05

Loss 42.49 0.77 42.16 0.77 Loss 42.97 7.76 31.93 6.3

Gain 55.3 0.38 46.49 0.35 Gain 60.55 3.02 61.48 3.03

PRUSVI

Stable 87.03 0.26 86.15 0.26

HI

Stable 94.1 0.17 91.91 0.19

Loss 39.05 1.62 35.49 1.51 Loss 23.42 1.52 23.91 1.54

Gain 34.19 0.85 37.36 0.91 Gain 28.85 1.15 40.45 1.47

Change – Level 3 Change – Level 3

CONUS

Stable 96 0.03 96.99 0.03

SEAK

Stable 99.38 0.05 99.43 0.05

Slow Loss 22.97 1.31 19.21 1.12 Slow Loss 19.8 14.39 12.27 9.32

Fast Loss 45.31 0.91 47.32 0.93 Fast Loss 46.81 8.71 36.18 7.37

Gain 55.27 0.38 47.32 0.35 Gain 60.52 3.02 61.48 3.03

PRUSVI

Stable 87.03 0.26 86.15 0.26

HI

Stable 94.06 0.17 91.91 0.19

Slow Loss Not Modeled Slow Loss 20.25 1.49 21.77 1.59

Fast Loss 39.05 1.62 35.49 1.51 Fast Loss 11.98 4.87 5.98 2.51

Gain 34.19 0.85 37.36 0.91 Gain 28.83 1.15 40.45 1.47

Table 11.  User’s (1−omission; precision) and producer’s (1−commission; recall) accuracies and standard 
errors for Change for each study area.
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User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s SE 
(+/− %)

User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s 
SE (+/− %)

Land Cover – Level 1 Land Cover – Level 1

CONUS
Vegetated 98.23 0.02 97.3 0.03

SEAK
Vegetated 98.59 0.1 94.7 0.18

Non-Vegetated 57.91 0.34 67.95 0.35 Non-Vegetated 88.86 0.37 96.9 0.21

PRUSVI
Vegetated 97.66 0.11 97.02 0.12

HI
Vegetated 97.8 0.12 95.84 0.16

Non-Vegetated 76.22 0.88 80.45 0.84 Non-Vegetated 91.68 0.32 95.52 0.25

Land Cover – Level 2 Land Cover – Level 2

CONUS

Tree-Veg 90.29 0.08 85.25 0.1

SEAK

Tree-Veg 84.74 0.39 86.79 0.37

Non-Tree Veg 88.4 0.07 90.44 0.07 Non-Tree Veg 81.22 0.49 71.95 0.53

Non-Veg 57.91 0.34 67.95 0.35 Non-Veg 88.86 0.37 96.9 0.21

PRUSVI

Tree-Veg 88.14 0.26 92.31 0.22

HI

Tree-Veg 87.15 0.39 85.83 0.4

Non-Tree Veg 68.64 0.82 54.7 0.78 Non-Tree Veg 81.3 0.47 79.25 0.48

Non-Veg 76.22 0.88 80.45 0.84 Non-Veg 91.68 0.32 95.52 0.25

Land Cover – Level 3 Land Cover – Level 3

CONUS

Tree 90.29 0.08 85.25 0.1

SEAK

Tree 87.15 0.37 86.81 0.37

Shrub 74.66 0.17 59.65 0.17 Shrub 78.22 0.52 78.55 0.52

Grass 73.81 0.12 87.21 0.1 Grass 16.5 2.73 3.87 0.69

Barren 40.8 0.41 56.2 0.49 Barren 57.05 1.08 82.78 0.99

Snow 86.4 6.53 62.86 7.85 Snow 92.06 0.4 91.35 0.41

Water 93.36 0.31 82.15 0.45 Water 90.02 1.21 88.68 1.27

PRUSVI

Tree 88.14 0.26 92.31 0.22

HI

Tree 87.15 0.39 85.83 0.4

Shrub 42.09 2.69 8.08 0.65 Shrub 55.75 1.12 34.08 0.84

Grass 47.29 0.93 59.63 1.03 Grass 61.62 0.68 77.96 0.66

Barren 74.68 0.92 81.21 0.87 Barren 86.86 0.49 92.75 0.39

Water 90.74 2.5 64.47 3.49 Water 100 0 100 0

Land Cover – Level 4 Land Cover – Level 4

CONUS

Tree 81.48 0.12 93.79 0.08

SEAK

Tree 81.76 0.44 91.95 0.33

Tall Shrb-Tre Not Modeled Tall Shrb-Tre 0 0 0 0

Shrub-Tree 21.09 1.61 2.19 0.19 Shrub-Tree 15.48 1.78 7.38 0.89

Grass-Tree 37.48 0.44 16.88 0.23 Grass-Tree 7.77 11.8 0.4 0.63

Barren-Tree 4.12 1.21 0.45 0.23 Barren-Tree 40 78.99 0.36 0.9

Tall Shrub Not Modeled Tall Shrub 61.25 0.74 76.83 0.72

Shrub 40.02 0.41 20.12 0.24 Shrub 24.8 1.03 23.6 0.99

Grass-Shrb 37.89 0.24 40.65 0.25 Grass-Shrb 17.88 2.49 5.93 0.88

Barren-Shrb 33.32 0.52 21.22 0.36 Barren-Shrb 0 0 0 0

Grass 73.34 0.12 89.01 0.1 Grass 3.67 1.53 0.82 0.35

Barren-Gra 0.64 0.58 0.04 0.04 Barren-Gra 0 0 0 0

Barren 40.8 0.41 56.2 0.49 Barren 57.05 1.08 82.78 0.99

Snow 86.4 6.53 62.86 7.85 Snow 92.06 0.4 91.35 0.41

Water 93.36 0.31 82.15 0.45 Water 90.02 1.21 88.68 1.27

PRUSVI

Tree 76.87 0.34 95.92 0.18

HI

Tree 80.76 0.46 94.42 0.29

Tall Shrb-Tre Not Modeled Tall Shrb-Tre Not Modeled

Shrub -Tree NA NA 0 0 Shrub -Tree NA NA 0 0

Grass-Tree 36.3 3.29 4.96 0.55 Grass-Tree 11.32 6.03 0.31 0.18

Barren-Tree NA NA 0 0 Barren-Tree NA NA 0 0

Tall Shrub Not Modeled Tall Shrub Not Modeled

Shrub 46.94 3.58 12.36 1.21 Shrub 30.58 1.17 28.29 1.1

Grass-Shrb 5.31 1.88 0.79 0.29 Grass-Shrb 16.63 1.85 5.25 0.62

Barren-Shrb NA NA 0 0 Barren-Shrb 0 0 0 0

Grass 46.36 0.93 61.63 1.05 Grass 60.88 0.69 79.98 0.65

Barren-Gra 0 0 0 0 Barren-Gra 0 0 0 0

Barren 74.68 0.92 81.21 0.87 Barren 86.86 0.49 92.75 0.39

Snow Not Modeled Snow Not Modeled

Water 90.74 2.5 64.47 3.49 Water 100 0 100 0

Table 12.  User’s (1−omission; precision) and producer’s (1−commission; recall) accuracies and standard 
errors for Land Cover for each study area.
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Technical Validation
To assess final map accuracy, we use the hyperparameters and thresholds chosen in the model tuning step in a 
grouped, stratified, 10-fold cross-validation following Olofsson15 and Stehman65 for each Change, Land Cover, 
and Land Use map for each study area. We use the stratified random sample of 30 m by 30 m plot locations for 
each year TimeSync calibration data are available as the sample and group them by their Plot ID so that all 
annual samples from the same plot (that occurred in different years) are always included in the same fold (not 
doing so would inflate accuracy since samples from the same plot location would be in different folds and thus 
used for both calibration and validation). Since we use a disproportionate stratified random sample design, 
inverse probability sample weights are included for each sample to reduce bias introduced by over/under sam-
pling strata. For a given stratum, this weight is the proportion of the population for that stratum, divided by the 
proportion of total unique sample locations for that stratum (Table 1 – 1/Weight). For example, if a plot had 
annual Change, Land Cover, and Land Use classes as: Stable, Tree, Forest from 1985–2000; Fast Loss, Barren 
or Impervious, Forest in 2001; Gain, Barren or Impervious, Forest 2002–2003; Gain, Barren and Grass/Forb/
Herb Mix, Forest 2004–2007; Gain, Grass/Forb/Herb and Shrub Mix, Forest 2008–2011, Gain, Shrub, Forest 
2012–2014; Gain, Shrub and Tree Mix Tree, Forest 2015–2019, all 35 years would be grouped into a single fold. 
They would all have the same weight since they all belong to the same stratum. The rules implemented in the 
map assembly are mirrored in the accuracy assessment to ensure we are assessing the accuracy of LCMS’ final 
maps, rather than its models.

Overall accuracy and balanced accuracy with their respective standard errors, and kappa metrics are shown 
for all study areas in Table 10 User’s and Producer’s accuracies for Change, Land Cover, and Land Use are shown 
in Tables 11–13 respectively15. This indicates, for example, at a 95% confidence interval, CONUS Change Level 3  
has an overall accuracy of 93.32% ± 0.04*1.96 or 93.32 ± 0.078%. As the accuracy and/or weighted sum 
decrease, the SE will increase—notice some individual classes in Tables 11–13 have large SEs. This indicates that 
the precision of the accuracy of some rare and/or less accurate classes remains low. Interpretting an acceptable 
level of accuracy and precision depends on the application of the data.

User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s SE 
(+/− %)

User’s 
Accuracy (%)

User’s SE 
(+/− %)

Producer’s 
Accuracy (%)

Producer’s SE 
(+/− %)

Land Use – Level 1 Land Use – Level 1

CONUS
Anthropogenic 91.06 0.11 75.14 0.15

SEAK
Anthropogenic 96.6 2.54 50.33 5.05

Non-Anthro 91.81 0.05 97.42 0.03 Non-Anthro 99.78 0.03 99.99 0.01

PRUSVI
Anthropogenic 89.21 0.52 79.48 0.64

HI
Anthropogenic 67.3 2.32 26.5 1.37

Non-Anthro 95.08 0.17 97.63 0.12 Non-Anthro 96.42 0.13 99.35 0.06

Land Use – Level 2 Land Use – Level 2

CONUS

Agriculture 91.23 0.12 75.81 0.16

SEAK

Agriculture Not Modeled

Developed 75.86 0.38 60.56 0.39 Developed 96.6 2.54 50.33 5.05

Forest 85.97 0.1 91.05 0.08 Forest 85.72 0.39 88.3 0.36

Other 77.96 0.37 63.53 0.38 Other 94.85 0.26 87.42 0.37

Rangeland 80.23 0.11 87.86 0.09 Rangeland 78.82 0.5 84.4 0.46

PRUSVI

Agriculture 29.4 3.36 12.28 1.56

HI

Agriculture 29.9 3.19 15.92 1.86

Developed 90.79 0.5 86.17 0.58 Developed 93.39 1.74 29.09 1.78

Forest 87.37 0.29 92.28 0.24 Forest 85.75 0.44 86.14 0.44

Other 56.59 2.17 46.38 1.98 Other 92.62 0.33 88.36 0.39

Rangeland 63.9 0.81 61.77 0.8 Rangeland 77.2 0.45 86.18 0.39

Land Use – Level 3 Land Use – Level 3

CONUS

Agriculture 91.23 0.12 75.81 0.16

SEAK

Agriculture Not Modeled

Developed 72.19 0.38 63.02 0.38 Developed 93.43 3.41 50.33 5.05

Forest 86.22 0.1 90.43 0.09 Forest 85.72 0.39 88.28 0.36

NFW 59.38 0.78 42.06 0.66 NFW 56.91 2.61 22.32 1.38

Other 81.24 0.42 71.06 0.45 Other 96.45 0.22 95.52 0.25

Rangeland 80.23 0.11 87.86 0.09 Rangeland 78.82 0.5 84.4 0.46

PRUSVI

Agriculture 29.4 3.36 12.28 1.56

HI

Agriculture 29.9 3.19 15.92 1.86

Developed 89.72 0.51 87.23 0.56 Developed 93.39 1.74 29.09 1.78

Forest 87.66 0.29 91.99 0.25 Forest 85.75 0.44 86.14 0.44

NFW Wetland 36.69 2.6 36.75 2.6 NFW NA NA 0 0

Other 84.69 2.71 51.28 2.92 Other 92.62 0.33 89.08 0.38

Rangeland 63.9 0.81 61.77 0.8 Rangeland 77.2 0.45 86.18 0.39

Table 13.  User’s (−-omission; precision) and producer’s (1−commission; recall) accuracies and standard errors 
for Land Use for each study area.
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While current map outputs are delivered at the highest level, lower levels can be achieved by cross-walking 
the higher-level outputs accordingly (e.g. Land Cover Shrub and Tree Mix would crosswalk to Tree (Level 3), 
Tree Vegetated (Level 2), and Vegetated (Level 1)).

The core focus of LCMS is monitoring vegetation cover change. Since this is a rare class, focusing on overall 
accuracy of any map output can be misleading. For example, the relatively high overall accuracy found in our 
Change output is deceivingly high. Balanced accuracy is a more appropriate representation of the overall map 
accuracy when rare classes, such as loss, are of interest. Despite being quite low, Change class accuracies are sim-
ilar to those reported in similar studies such as Cohen et al.66 and Cohen et al.43. Also quite low, the accuracy of 
the Land Cover and Land Use classes are generally similar to those found in Gorelick et al.12 and Pengra et al.23.

Because TimeSync uses manual image interpretation and ancillary information, it is generally more sensitive 
to subtle change and presence of rare or spectrally variable classes than a model-assisted approach. Also, our 
mixed Land Cover Level 4 classes are inherently difficult to model accurately due to their mixed nature. When 
the Land Cover Level 4 classes are binned into broader groups in Land Cover Level 3, accuracies increase. Land 
Cover Level 3 serves as the core Land Cover level that balances thematic detail and class accuracy. We suggest 
using Level 3 for any application that does not need the additional information provided with Land Cover Level 
4 classes. Despite their lower accuracy, the Land Cover Level 4 mixed classes are necessary for some rangeland, 
low magnitude disturbance, and post disturbance succession monitoring needs.

The accuracy results provide an understanding of how to properly use LCMS outputs. Many rare and/or 
spectrally variable Change, Land Cover, and Land Use classes should be used more conservatively to identify 
significant changes in the higher classification levels. Lower classification levels will coarsen the thematic detail 
but provide greater confidence when determining whether a change is significant. There are nearly infinite meth-
ods for cross-walking LCMS classes both within and between products. It is ultimately up to users to choose a 
cross-walking method that allows them to answer their question with the desired level of confidence66.

Data availability
LCMS data are distributed in three different locations to meet different user needs. Please refer to Table 9 for 
detailed data location and descriptions.

Code availability
The full LCMS workflow is available as a training course developed as a collaboration between the Forest Service, 
RedCastle Resources Inc., and Google (https://github.com/redcastle-resources/lcms-training). This course allows 
users to reproduce LCMS outputs over the PRUSVI study area in a series of Python notebooks. It also provides 
users the ability to apply these methods across their own study areas.
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