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Abstract

:

This article discusses the importance of quality deforestation area estimates for reliable and credible REDD+ monitoring and reporting. It discusses how countries can make use of global spatial tree cover change assessments, but how considerable additional efforts are required to translate these into national deforestation estimates. The article illustrates the relevance of countries’ continued efforts on improving data quality for REDD+ monitoring by looking at Mexico, Cambodia, and Ghana. The experience in these countries show differences between deforestation areas assessed directly from maps and improved sample-based deforestation area estimates, highlighting significant changes in both magnitude and trend of assessed deforestation from both methods. Forests play an important role in achieving the goals of the Paris Agreement, and therefore the ability of countries to accurately measure greenhouse gases from forests is critical. Continued efforts by countries are needed to produce credible and reliable data. Supporting countries to continually increase the quality of deforestation area estimates will also support more efficient allocation of finance that rewards REDD+ results-based payments.






Keywords:


forest monitoring; uncertainty; REDD+; reference levels; data quality; Cambodia; Ghana; Mexico












1. The Important Role of Forests in Climate Change Mitigation


To maintain global warming within a 1.5 degree Celsius increase, we need to both reduce emissions and remove CO2 from the atmosphere [1]. While reducing fossil fuel-related emissions is most critical, 11% of global carbon emissions stem from deforestation and forest degradation [2] and 98% of deforestation happens in developing countries [3]. Furthermore, unless a new cost-effective technology is discovered, only forests can remove CO2 from the atmosphere at the scale needed to meet the Paris Agreement [4,5]. Therefore, to avoid dangerous climate change, we need to reduce emissions from deforestation and forest degradation in the short term and restore forests to remove carbon from the atmosphere in the longer term. Countries have made climate change mitigation pledges, called Nationally Determined Contributions (NDCs), under the Paris Agreement. Many such targets include forest-related greenhouse gases (GHGs). Such targets, however, are only as good as a country’s ability to measure and monitor emissions (and removals) from forests.



One important vehicle for climate change mitigation through forests is REDD+ (Reducing emissions from deforestation and forest degradation and the role of conservation, sustainable management of forests and enhancement of forest carbon stocks in developing countries). REDD+ was negotiated under the United Nations Framework Convention on Climate Change (UNFCCC), in recognition of the importance of forest management in developing countries for climate change mitigation. Included within the concept of REDD+ is the provision of financial resources to developing countries that slow, halt, and reverse deforestation, referred to as “results-based finance”. Such finance is dependent on National Forest Monitoring Systems (NFMS) that are accessible, transparent, reliable, credible, and can support national processes [6], including providing data and information for REDD+ reporting. There are limited financial resources to reward REDD+ performance; therefore, accurate REDD+ data can promote the efficient use of such resources. To estimate emissions from deforestation, countries often use a fixed emission factor and monitor how deforestation area changes. Whether deforestation emissions have gone down is then largely determined by the deforestation area assessments. This article therefore discusses data quality in monitoring forest area changes for REDD+ reporting.




2. Recent Developments in Measuring Forest Area Changes


The last decade has seen a revolution in forest monitoring that has supported the development of (multi-purpose) NFMS in many countries. More and higher resolution satellite imagery, global tree cover change products, and advanced algorithms for analyzing dense time series that distinguish between seasonal trends and real tree cover changes have increasingly become available [7,8,9]. Open source software [10,11,12] (openforis.org) and platforms [13] (sepal.io) have been developed allowing countries (even with limited access to internet) to access and analyze a wealth of satellite imagery to create land cover and land use change maps and collect sample plot data (either for collecting training data for map classification or for collecting reference data). Where it once took countries months to put together Landsat mosaics to create a map, countries can now complete such tasks in a few hours [14]. Furthermore, new practices have been developed to improve assessments of deforestation, notably sample-based methods have come to replace traditional map-based area estimates [15,16,17].



Rapid technological development and more than a decade of REDD+ support has enabled significant progress in REDD+ reporting. REDD+ reporting to the UNFCCC started after the creation of the Warsaw framework for REDD+ at the 19th UNFCCC Conference of the Parties (COP19), held in November 2013 in Warsaw [18]. After this, countries could submit REDD+ forest reference (emission) levels, benchmarks expressed in tons of CO2 equivalent (tCO2eq) for assessing REDD+ performance, to the UNFCCC. Between November 2013 and December 2020, 50 developing countries submitted a forest reference level to the UNFCCC based on estimates of historical emissions and/or removals from their forests [19]. Countries have, for decades, reported forest statistics to FAO’s global forest resources assessment but submitting to the UNFCCC is an increased level of transparency and exposes a country to a new technical assessment. In 96% of cases, such assessments resulted in countries submitting a modified forest reference level and for 77%, countries changed the reference level value [19]. This is a signal of improvements being made as a result of this process, but it is not necessarily a good indicator of data quality. While technical assessment reports include overall assessments of whether the information in submissions are transparent and complete, they do not provide consistent assessments on accuracy, a key indicator of data quality. One reason is the challenge of assessing data remotely. Experts can only compare the estimates against other statistics reported by the country, or against third-party assessments such as data provided through global products—although these are not necessarily more accurate.




3. The Value of Global Forest Area Change Products in REDD+ Reporting


Global products, especially the Global Forest Change (GFC) product [7] and the recently released Tropical Moist Forest product [20] provide useful information and, in some locations, data of high quality. Both products provide spatially explicit and freely accessible results from time-series analysis of Landsat images characterizing tree cover extent and change. They can, however, differ from national assessments of forest area, deforestation, and deforestation trends. This difference is explained either by tree cover (or tree cover change) not translating well into forest area (or forest area change), or due to one or the other assessment being inaccurate.



Despite differences between global tree cover (or change) and national forest cover (or change) assessments, global products can still be useful to countries in their national assessments. Several countries (e.g., Ethiopia, Liberia, Equatorial Guinea, Nigeria, Sri Lanka, and Zambia) have made use of GFC data as an interim step in their forest area change assessments, either by ‘translating’ it into a forest area change map used for stratification of their sample-based assessment, or through the identification of training data for forest/tree cover loss [21,22,23,24,25,26]. The final deforestation assessments of the above-mentioned countries were in most cases significantly different from GFC tree cover loss, indicating substantial additional effort required by countries. For Sri Lanka and Nigeria, the national deforestation assessments were 19% and 23%, respectively, higher than the GFC estimated tree cover loss. Equatorial Guinea assessed deforestation 54% below GFC tree cover loss and Zambia and Ethiopia measured deforestation 80% and 300% higher than GFC tree cover loss. Landsat is known to perform poorly in detecting trees in dry and open forest, due to the resolution [27], which most likely explains the large discrepancies with GFC data.



In some cases, the GFC product is very close to national assessments. For example, GFC estimates of tree cover loss in Paraguay are only 4% different from the national deforestation estimate; similarly, the difference in GCF tree cover loss and Colombia’s estimates of forest loss in the Amazon are just 5% different [28], though the country-wide estimate is 37% different [29]. In cases where the overall estimates of forest or tree cover loss are similar, it does not necessarily mean that the analysis of where such loss occurred is similar, for which an accuracy assessment gives a better indication. Ghana used a 4 by 4 km systematic grid to assess the accuracy of GFC data and found a user accuracy of 3% (out of 59 loss points suggested by GFC, only 2 were deforestation) and a producer accuracy of 4% (of the 46 points of deforestation in the reference data, 44 had not been classified as tree cover loss in GFC) [30]. By contrast, Sri Lanka’s forest area change map (which is a combination of its nationally created forest map and tree cover loss from the GFC product) had a user and producer accuracy of 79% and 89% respectively [25]. By using its national forest map and only considering GFC loss within its forest, Sri Lanka managed to filter out many tree crop dynamics.



A frequent explanation of the difference between national and GFC estimates is that tree crop harvesting is included in tree cover loss estimates in the global product but not considered deforestation in national assessments and that small patches of tree loss may be considered as degradation, rather than deforestation, in national data. During the technical analysis of Uganda’s REDD+ results submitted to the UNFCCC, the assessors noticed Uganda’s deforestation assessment for 2015–2017 was a factor three lower than GFC tree cover loss [31]. Uganda looked into the difference, re-assessing 49 plots that were stable in Uganda’s assessment and loss in GFC. Of these 29 plots, 60% were harvesting in plantations, the others concerned degradation (logging/fire) [32].



In conclusion, global products can provide a useful starting point for some countries, but significant additional effort is required to convert these into robust deforestation estimates. Furthermore, there are many benefits to countries analyzing their own data and developing a NFMS for reporting as well as informing national decision-making processes. Accessible, transparent, reliable, credible, and relevant NFMS can result in better decision making for forests and have contributed, for example, to driving down deforestation in Brazil, and the implementation of sustainable forest management in Cameroon [6].




4. How Countries Have Increasingly Come to Use Sample-Based Area Estimation


As countries were invited to report on REDD+ to the UNFCCC, many started by building on existing land cover analyses. Several countries had forest maps for different years. In many cases, countries assessed forest change through post-classification, i.e., comparing two separately created classifications against each other to estimate forest loss (and sometimes gain). This approach is prone to the escalation of classification errors [33].



More recently, countries are using direct change detection, where images are compared to assess change instead of comparing classifications [19,34]. However, this method will still contain classification errors some of which may be systematic [35,36,37,38].



Reporting area statistics directly from maps (regardless of classification errors) is referred to as pixel counting. In theory, if maps were perfect, pixel counts would provide an ideal solution for reporting on land cover and land cover change areas. Using pixel counts to calculate areas from maps enables the production of consistent data at all spatial scales, down to the resolution of the map itself. This approach has obvious advantages in terms of (apparent) simplicity and making the dataset easy to use, derive, and present. It would also allow area estimates of forest changes that are consistent at all scales, and ensure the “sum of the parts equals the whole”. However, this approach also carries errors and biases at all scales [35,36,37,38].



Map accuracy can be assessed through sample unit observations. Ground observations are generally accepted as the most accurate source of information for these assessments but may be cost-prohibitive to acquire, particularly for remote and inaccessible forest regions [38]. Instead of ground observations, visual interpretations of remotely sensed data such as aerial imagery or satellite imagery are often used under the assumption that such interpretations are of higher quality than the map data [15,39]. Accordingly, remote sensing literature has increasingly suggested that area estimates (for example, of forest loss) should be made using the sample-data collected for the accuracy assessment and correcting for classification errors. This also provides a means to estimate the associated confidence interval around the estimate of, e.g., forest loss, which is needed to report uncertainty [16,17,35,36,37,38,39,40]. Estimates using information from the error matrix produced in map accuracy assessment are referred to as stratified area estimates.



The Intergovernmental Panel on Climate Change has developed guidelines for national GHG inventories, which state that estimates should neither over- nor under-estimate emissions (or removals) and that countries should report the uncertainties of GHG estimates [17,41]. The Global Forest Observation Initiative [16] indicates sample-based estimates allow to correct for systematic errors while pixel-counting methods provide no assurance that estimates are “neither over- nor under-estimates” or that “uncertainties are reduced as far as practicable”.



Sample-based estimates can use a systematic or simple random design, or stratified design where a change map is used to stratify the sampling (stratified area estimates). Locating sample points with a change map gives a more efficient sampling design [42], as long as the change map is of sufficient quality. Table 1 provides an overview of the main differences between pixel counts, systematic or random sample estimates, and stratified area estimates.



Over the past years, countries have made important improvements in forest monitoring for REDD+. Of the 50 countries that submitted a reference level to the UNFCCC in 2020, eight countries submitted more than once, in most cases introducing improvements [19]. Of the 18 countries participating in the Forest Carbon Partnership Facility (FCPF) Carbon Fund, many are expected to introduce improvements to their reference levels when submitting their monitoring reports containing emission reductions achieved. Although to date only one country submitted a monitoring report, many are expected to do so over the coming years. We selected three cases where countries replaced post-classification pixel counts with sample-based estimates: Mexico, Cambodia, and Ghana. These are the only known country examples to the authors where post-classification pixel counts were replaced by sample-based estimates in REDD+ reporting. Of the UNFCCC submissions, there is one other country (Madagascar) that replaced a pixel count estimate with a sample-based estimate, but the former estimate was a direct change assessment, not a post-classification approach. The improvements introduced by Mexico, Cambodia, and Ghana illustrate the relevance of reliable REDD+ reporting.



4.1. Mexico


Mexico submitted a REDD+ reference level in 2015 [43] and an improved reference level in 2020 [44] to the UNFCCC. The first submission was post-classification pixel counts; the second submission applied a sample-based estimate using a systematic intensified grid. The first reference level value of historical annual average emissions from deforestation over 2000–2010 was 44.4 million tCO2eq/year. The second reference level for emissions from deforestation over 2007–2016 was estimated at 16.2 million tCO2eq/year. Both reference level submissions included the same pools, above and below ground biomass. The difference between these two estimates are not due to emission reductions from REDD+ efforts, but instead relate to the improved methodology to estimate emissions. Figure 1 shows deforestation estimates in hectares between 2002–2010/2015 using three different methods. One of these methods uses pixel counts (used for the first reference level), one an intensified systematic sample (used for the second reference level), and one a stratified area estimate [45] (used for GHG reporting in Mexico’s 6th national communication). The stratified area estimate used the forest change map from the first reference level to stratify a random sample. The systematic sample estimate contains 26,220 plots, while the stratified area estimate contains 3771 plots for the period 2002–2006, 3737 plots for the period 2007–2010, and 3866 plots for the period 2011–2015. The two sample-based estimates use independently collected sample plots. Pixel counts do not allow for the calculation of a confidence interval around the area estimate, as explained above, while both sample-based approaches allowed for the calculation of confidence intervals, which are included in Figure 1. Deforestation estimates based on the two sample-based approaches differ less than 20% from each other and both fall within each other’s confidence intervals. The pixel count estimate for 2002–2006, however, suggests deforestation was approximately four times higher than that estimated using sample-based methods. Furthermore, the pixel count assessment suggests a steep decline in deforestation between 2002 and 2010, whereas both sample-based methodologies suggest a slight increase for this same period.



In its first reference level, Mexico omitted the uncertainty around activity data and only included the uncertainties of emission factors. Its reported confidence interval around the emission estimate was 2% suggesting a high level of precision. In its improved emission estimate in the second reference level, the uncertainty analysis was more complete covering more sources of error and therefore, despite the estimate being more accurate, the confidence interval increased to 7% [46]. The aggregate uncertainty is a combination of the uncertainty of activity data (in Figure 1) and emission factors, where the latter is very small due to the large number of plot measurements in the national forest inventory.




4.2. Cambodia


Cambodia submitted a reference level to the UNFCCC in 2017 [47] and submitted REDD+ results in the technical annex of its biennial update report to the UNFCCC in September 2020 [48]. The guidance in COP decisions is for countries to maintain full consistency in the use of estimation methods between the technically assessed reference level and the results reported. Cambodia therefore assessed results as map areas obtained through post-classification pixel counts. However, prior to submitting REDD+ results, the country implemented a sample-based forest area change assessment based on a stratified area estimate. The stratified area estimate was obtained by post-stratifying a systematic 6 km × 6 km sample of 4921 plots using the forest area change map used in the reference level and results submissions. For transparency, Cambodia included these improved results in an annex. The post-classification methodology suggested that Cambodia had emission reductions of 163 million tCO2eq for 2015–2018. By contrast, the sample-based estimate suggests results were limited to the period 2017–2018, totaling 9.5 million tCO2eq (Figure 2).




4.3. Ghana


Ghana submitted a reference level for the cocoa landscape to the FCPF Carbon Fund in 2017 [49]. The methodology used in the initial submission was pixel counts obtained through post-classification. Ghana replaced this methodology by an intensified systematic sample containing 7689 plots. Creating forest area change maps of Ghana’s cocoa forest mosaic landscape is particularly challenging due to the difficulties of distinguishing between cocoa and forest and the scattered dynamics in the landscape. This is illustrated by the very low user and producer accuracy of the GFC product discussed in Section 3 of this article. The initial deforestation assessment was 138,624 ha/year for the reference period 2005–2014. This deforestation estimate was re-assessed at 9197 ha/year for the same period with the improved methodology (Figure 3) [30], which is currently undergoing validation.



Ghana’s initial reference level submitted in 2017 for deforestation within the cocoa landscape was 27.7 million tCO2/year. The recalculated reference level [30], subject to validation, is 4.1 million tCO2/year.



In the examples of Mexico, Cambodia, and Ghana, pixel counts were much higher than the sample-based estimates. This is not uncommon with post-classification due to the escalation of classification errors having a large impact on rare change classes [33]. Pixel counts of forest loss can also be much lower than sample-based estimates, especially where pixel counts are extracted from direct change assessment maps applying an algorithm that is conservative in detecting change. For example, Madagascar’s deforestation emissions estimate increased by 60% when pixel counts were replaced with sample-based activity data [50].



The above examples illustrate the importance of continued efforts to improve NFMS and data quality. The three countries all had technically assessed reference levels where, in each case, the UNFCCC technical assessment reports concluded data and information provided was transparent, complete and in overall accordance with the guidelines contained in the Warsaw Framework. Nonetheless, these countries recognized the importance of continuing to improve their data resulting in significant revisions of their initial emission estimates.





5. High Uncertainties and Large Revisions also Happen in Annex I Countries


Uncertainties in Annex I forest and land use related GHG inventories tend to be higher than in other sectors [51]. The most recent inventory report for the European Union (EU), for example [52], states the uncertainty of fuel combustion is 0.8%, while the uncertainty of GHG estimates in the land sector is over 22%. Though high compared to uncertainties in the energy sector, uncertainty reporting did improve substantially over the past years as the uncertainty for the land sector reported by the EU was 41% in the 2016 inventory [53]. At the country level, these uncertainties can be even higher. For example, Austria’s average uncertainty of the total emissions/removals from the land sector ranged from 85 to 220% (for GHG inventories reported from 1990 to the present), largely due to uncertainties in the litter and soil pools in the forest category (the average uncertainty drops to 37% if these pools are not included) [54]. It should be noted that, when the next flux is close to zero because emission and removal fluxes compensate each other, the percentage uncertainty may be particularly high.



Data quality in the forest sector is important for all countries, not just those intending to access REDD+ finance. For example, high quality data can improve countries’ Paris Agreement targets [55]. Significant revisions in emission estimates associated with re-assessments of emissions (or removals) from forests and other land use are not only happening in developing countries. For example, comparing the annual GHG inventories reported by the United States illustrates how, over time, removals from forest land remaining forest land changed as the US improved its data. Figure 4 illustrates how recalculations of removals changed the GHG estimates—in some cases by hundreds of millions of tCO2eq [56]. In addition, the trend assessment changed over time—for example, the 2010 inventory assessed removals from forest land to be declining from 1990 to 2008, however, the 2020 recalculation suggests removals were increasing during that same period. Such changes make it difficult to both establish climate targets, as well as track progress towards or deviations from such targets [57].



Uncertainties in forest land converted to other lands, or deforestation, in Annex I inventories can also be high. For example, GHG estimates from forest land converted to cropland are around 80% uncertain in the most recent 2020 US GHG inventory [56]. Similarly, the uncertainty of CO2 emissions from the same category in Canada’s 2020 GHG inventory are over 200% [58]. It is to be expected that GHG estimates of forest land conversion in Annex I inventories are higher than in tropical forest countries since deforestation is a rarer event and in many cases more pools (such as soil carbon) are included in the estimation.




6. Discussion and Conclusions


This paper highlights data quality issues associated with pixel count estimates as opposed to sample-based estimates, but it would be an over-simplification to suggest data quality issues are limited to this. Countries are making improvements on many other fronts, not least in improving pixel count estimates to create more accurate (change) maps. Furthermore, sample-based estimates are not necessarily always of high quality, as the quality of sample-based estimates is strongly reliant on the quality of the reference data [39], which in turn depends on the training of the interpreters, clarity of definitions and interpretation keys, and resources available to the interpreters. Furthermore, under-sampling in large stable classes with stratified area estimates may introduce considerable uncertainty in parameter estimates obtained from the sample data [38]. Global products, in particular the GFC product, can form a useful starting point for countries in their forest area change assessments but countries need to evaluate and modify them, for example, to respond to their national forest definition. Discrepancies may be particularly large in countries with a high level of tree crop or plantation dynamics (e.g., Côte d’Ivoire, Uganda) or in dry forest landscapes with scattered small-scale deforestation (e.g., Ethiopia, Zambia), where global products tend to perform poorly. There are also many ancillary benefits to countries in developing a (multi-purpose) National Forest Monitoring System to support national processes for improved forest and land management.



It is important that countries continue to improve their data to produce reliable estimates of forest-related emissions and removals. The need for continued efforts to improve measurement and reporting of land sector GHGs by all countries should not be underestimated. Doing so will improve the ability of countries to set Paris Agreement targets, as well as report on the achievement of them.



With the promise of REDD+ results-based payments, countries are making immense efforts in collecting better data on their forest resources, data that can serve the country beyond REDD+ in their national forest policy making and NDC implementation. Multi-purpose forest monitoring can support decision making within the country, and the implementation of activities that result in emission reductions and enhancements. Improvements in data quality can also support governments developing jurisdictional programs aiming to access results-based payments, or to issue carbon credits, for example under the World Bank’s Carbon Fund or the emerging Architecture for REDD+ Transactions, which have more stringent requirements but can access carbon market finance. Country progress made on REDD+ reporting is encouraging and hopefully, in the future, can demonstrate that forests are on their way to realizing their mitigation potential, which is critical for achieving Paris Agreement goals.
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Figure 1. Mexico’s deforestation estimates using pixel counts and two sample-based methodologies, generated from data in Mexico’s reference level submissions and Mexico’s 6th national communication to the UNFCCC [43,45,46]. 
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Figure 2. Cambodia’s emission estimates based on pixel count and sample-based activity data generated from data in Cambodia’s technical annex to its Biennial Update Report (BUR) submitted to the UNFCCC in 2020 [48]. 
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Figure 3. Ghana’s deforestation assessment based on pixel counts and sample-based methodology generated from data in Ghana’s initial and recalculated reference level for the Carbon Fund [30,49]. 
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Figure 4. US recalculations of GHGs from forest land remaining forest land (in million tCO2/year), generated from United States Environmental Protection Agency data provided in national GHG inventories (2007–2020) [56]. 
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Table 1. Main characteristics of area estimates based on pixel counts and two sample-based approaches.






Table 1. Main characteristics of area estimates based on pixel counts and two sample-based approaches.





	

	
Pixel Counts (Map Alone)

	
Sample-Based Estimates




	
Systematic or Random Sample (Interpreted Sample Plots Alone)

	
Stratified Area Estimate (Map and Interpreted Sample Plots)






	
Simplicity

	
Simple (to extract statistics from map but map creation can be highly complex).

Consistent estimates at all spatial scales.

	
Medium complex.

Consistent estimates at all spatial scales but sub-level estimates require sufficient sampling density.

	
Highly complex.

Level of complexity increases with the number of classes for which estimates are assessed.

Sub-levels will need to be considered in the sampling design; otherwise, no statistics for lower scales will be produced.




	
Sampling design

	
Not applicable.

	
Not optimized for assessment of rare features, generally requires larger sample size.

	
Can be optimized for assessment of rare features when considered in sampling design and if the map is sufficiently accurate. Generally requires smaller sample size, which may allow for more emphasis on high quality interpretation.




	
Accuracy

	
Classification errors are not removed, estimates contain bias (which can be substantial, especially with post-classification).

	
Classification errors are reduced as much as possible if best available data is used (best available imagery and expert classification).

Possible bias in sample data interpretation is not corrected for. Interpretation bias can be reduced as far as practicable following recommendations by [39]

	
Classification errors are removed as much as possible, estimates are corrected for bias.

Possible bias in sample data interpretation is not corrected for. Interpretation bias can be reduced as far as practicable following recommendations by [39]

For estimates of rare classes, errors of omission in large classes may introduce considerable uncertainty in parameter estimates obtained from sample data unless recommendations by [38] are implemented to reduce the impact of omission errors.




	
Uncertainty reporting

	
Does not allow the computation of a confidence interval

	
Allows a confidence interval to be calculated based on sampling error with assumptions on data distribution.

	
Allows a confidence interval to be calculated based on sampling error.
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