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Abstract 
A methodology for assessing the accuracy of the Mexican National Forest Inventory (NFI) 
map is presented. This methodology emerges as the most adequate strategy found after various 
trials along the successive steps of the assessment design. A main challenge was to integrate 
the high diversity of classes encompassed in the classification scheme within a cost-controlled 
statistically sound assessment. A pilot study focused on the Cuitzeo Lake watershed region 
covering 400,000 ha of the 2000 Landsat-derived NFI. The availability of detailed quasi-
synchronous reference data and the high variability of mapped classes allowed a careful 
thematic analysis on the selected region, relevant for national extrapolation. The assessment 
strategy incorporated an original two stage sampling design. The selection of Primary 
Sampling Units (PSU) was done under separate schemes for commonly and scarcely 
distributed classes. A compromise was statistically found for maximizing PSU spatial 
distribution while including all classes. The verification protocol included stereoscopic photo-
interpretation and a digital restitution towards the geometry of the Landsat data. A scale 
adjustment operator, based on the epsilon probabilistic band approach, was applied to the 
PSU verification maplets in order to reduce the inclusion of errors due to scale. A total of 
2023 punctual secondary sampling units were then compared with their NFI map label, 
according to conventional Boolean and linguistic fuzzy criteria. Issues regarding the 
assessment strategy and trends of class confusions are devised. Conclusions are drawn in 
terms of separability of classes on remote-sensing supports, classification system, geographic 
stratification and scale. This methodology is to be applied to a larger territory including a 
wider set of classes in the classification system. 
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1 Introduction 
The National Inventory Forest (NFI) 2000 map of Mexico, sponsored by SEMARNAP, the 
Ministry of the Environment in Mexico, was conceived and jointly coordinated by the Institute 
of Geography of UNAM (the National Autonomous University of Mexico) and INEGI, the 
National Institute of Statistics and Geographical Information in Mexico. The cartography was 
generated at UNAM based on previous INEGI maps and on visual interpretation of Landsat 
imagery of year 2000 (Mas et al. 2002). A main characteristic of the NFI project was to 
propose a hierarchical classification scheme as a convenient Land-Use and Land-Cover 
(LULC) standard in Mexico for future remote-sensing based cartography. Four aggregation 
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levels were considered; the finest taxonomic resolution (denominated community level, 
including sub-communities) consisted in 75 classes.  

In 2003, a research project initiated at the Institute of Geography, UNAM, whose proposed 
tasks were to build academic capacity for assessment of LULC maps in Mexico and to 
conceive a framework for future accuracy assessments of the NFI. A methodology was 
proposed on a dynamic trial and failure basis, in accordance with the typically available 
verification materials, skills and resources in Mexico. A pilot study was conducted in the 
closed watershed of the Cuitzeo lake, an area described in the following section. The principal 
reference data was stereo-interpreted aerial photographs. The following were the sought 
desirable criteria for the assessment strategy: 

• a probability sampling protocol (sensu Stehman and Czaplewski 1998), comprising a 
sampling protocol, an evaluation protocol, a labelling protocol and the synthesis of 
the evaluation. 

• an ergonomic and operational design for future NFI map updating missions. 
• a reasonable compromise between operational costs and precision (standard error) of 

accuracy estimates. 

According to Laba et al. (2002), conventional accuracy should serve as the primary source of 
information on the quality of land cover maps. If the taxonomic detail of the classification 
scheme exceeds the information requirement for a given application or there is uncertainty on 
the quality and ambiguity associated with a given classification scheme, then fuzzy accuracy 
assessment methods should be considered. A major characteristic of the NFI classification 
scheme is its high taxonomic resolution for forest classes. Consequently, a reasonable 
assumption was that ambiguities may occur in the process of labelling polygons on Landsat 
imagery (support for map production) as well as on aerial photographs (support for reference 
map production). A simplified ergonomic version of the linguistic fuzzy assessment design 
(Gopal & Woodcock, 1994) was integrated to the labelling protocol. 

 

 
Figure 1 Location map of the Cuitzeo lake watershed (gray shaded area). 
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2 Study area 
The Cuitzeo in-land lake, second in size in Mexico, is located on the transversal volcanic axis 
in central western Mexico. The closed watershed of the Cuitzeo lake (area under investigation) 
is located to the North of the Michoacán state, Mexico (Figure 1). The original vegetation in 
the closed watershed was temperate oak-pine (mixed) forest. Major land uses are annual rain-
fed agriculture, irrigated agriculture and induced grassland for pasture (see table 1). Vegetation 
cover includes temperate forests and sub-tropical scrubland (‘matorral’). 

3 Methods 

3.1 Sampling protocol 
The sampling design aimed at allowing accuracy analyses per mapped class: double (two-
stage) sampling schemes, where aerial photography frames formed the Primary Sampling 
Units (PSUs), were contemplated. Figure 2 displays the whole set of PSUs on a geo-referenced 
colour composite of Landsat imagery, support of the NFI map production.  As of the mode of 
selection of PSUs, two strategies were implemented. First, a proportional stratified selection of 
PSUs as described in Stehman et al. 2000 (and further discussed via personal communication) 
was retained as an appropriate way for including all scarcely distributed (or rare) classes (area 
fraction below 5%, a frequent occurrence in our case), in the sample while maintaining a low 
complexity level of statistics (i.e. standard stratified random formulae to compute estimator 
variance). Second, a hybrid strategy incorporated a random selection for common (area 
fraction above 5%) classes and a proportional stratified selection for rare classes. A regular 
500m-spaced two dimensional grid (thereafter referred as the ‘second stage grid’) formed the 
set of punctual Secondary Sampling Units (SSUs) of the second stage. Once the sample PSUs 
were selected, all points of the second stage grid included within these sample PSUs were 
assigned to their mapped land cover class. The full second stage sample consisted of 100 
points from each mapped class. In order to preserve equal inclusion probabilities at the second 
stage, the selection of PSUs was first done via proportional stratified random sampling (see 
this option presented in Stehman et al. 2000:604). Then, the selection of the second stage 
sample was obtained via proportional stratified random sampling from the points contained in 
the sampled PSUs, this time with a probability inversely proportional to the abundance of the 
class. 

For the sake of operational costs, the maximum number of selected PSUs (photographic 
frames) was fixed to one fourth of the total coverage of the pilot area. Under such conditions, 
the maximum number of PSUs per class was limited to three for the proportional stratified 
case. For many rare classes, three PSUs were enough to statistically sample the few patches 
representing the class with a distribution pattern resembling that of the class. However, for 
common classes, the limitation to three PSUs generated much clumping with respect to the 
general distribution of the class. In the hybrid case, the maximum number of PSUs per rare 
class could be set to four, and common classes were scattered among much more randomly 
selected PSUs. In that case, a better distribution of SSUs was achieved across the territory. 
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Table 1 Distribution of classes of the National Forest Inventory in the Cuitzeo lake watershed. Temp and 
Trop respectively stand for temperate and tropical, Sec Veg stands for Secondary Vegetation. 

Class code Class name Formation Area 
fracion 

Area (km2) 

100 Irrigated crop Cropland 0.1411 564.97 

110 Hygrophilous crop  0.0048 19.04 

200 Perennial crop  0.0021 8.27 

210 Annual crop  0.2356 943.14 

300 Forest plantation  0.0071 28.24 

410 Fir forest Temp Forest 0.0037 14.72 

420 Pine forest  0.0041 16.32 

421 Pine forest & Sec Veg  0.0036 14.31 

510 Oak-pine forest  0.0958 383.34 

511 Oak-pine forest & Sec Veg  0.0325 130.29 

600 Oak forest  0.0232 92.88 

601 Oak forest & Sec Veg  0.0553 221.54 

700 Cloud forest Trop forest 0.0029 11.73 

920 Sub-trop scrubland Scrubland 0.0194 77.58 

921 Sub-trop scrubland & Sec 
Veg 

 0.0768 307.25 

1000 Mezquital  0.0004 1.51 

1200 Chaparrala    

1330 Induced grassland Grassland 0.1594 638.04 

1410 Hygrophilous grassland Hygroph Veg 0.0209 83.50 

1510 Halophilous vegetation  0.0069 27.78 

1600 No apparent vegetation 
covera 

Other Cover   

1700 Human settlement  0.0250 100.02 

1800 Water Water 0.0796 318.75 

All   1.0000 4003.23 
a This class was not present on the map but appeared as a reference label (see table 2) 

3.2 Evaluation protocol 
The 244 black and white aerial photographs at 1: 37 000 acquired in 1999 by the GeoAir 
company over the Cuitzeo area, were used for reference LULC classification. A first specialist 
interpreter was assigned to produce, via stereoscopic interpretation, reference maplets at scale 
1:125 000 (maximum resolution version of the NFI maps) on transparent slides for each 
selected PSU (photographic frame). The reference maplets were drawn according to the 
community level of classification of the NFI map; A confidence rating was applied to 
photograph interpretation, comparable to the one used in Zhu et al. (2000). Another specialist 
had previously worked on the same photographic material to generate cartography with more 
precise spatial (1:50 000 scale) and similar taxonomic resolutions, with the help of intensive 
field work. All work was done after NFI map production, with complete independence. The 
photo-interpretation of the first specialist was checked against the more precise cartography 
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and any discrepancy in photo-interpretation was turned to the advantage of the latter. 
Additionally, wherever the first interpreter registered low confidence ratings, his mapping was 
confirmed or corrected by local information collected in the field.  

 

 
Figure 2 Colour composite of the Cuitzeo lake watershed from a mosaic of ortho-rectified Landsat images 
and primary sampling unit (PSU) grid of the assessment design. The rectangles are the PSUs included in 

the first stage sampling process. 

Geometric consistency between the reference material and the NFI map was ensured through 
one of two alternative procedures: The first one, focussed on each sample point, resembled a 
technique described for example in Zhu et al. (2000):  Each sample point (selected SSU) was 
located on the colour composite of the geo-referenced Landsat images (geometric basis of the 
NFI map) on screen. The location of the point was visually transferred onto the transparent 
slide over the photographic material. All attributes of the reference labels of the sample point 
were then digitally registered according to the photo-interpreted maplet. An innovative 
alternative technique was based on the PSUs rather than on the SSUs and consisted in the 
digital restitution of the whole reference maplets: First, the Landsat imagery was displayed at 
scale 1:37 000 on a selected rectangle (PSU). Second, the transparent slide containing the 
reference maplet of the corresponding rectangle (PSU) was superimposed over the screen. 
Digitising of all polygons of the non-georeferenced maplet was then done by visually 
‘correcting’ their shape according to spatial patterns evident on the Landsat image colour 
composite. Along the development of the assessment methodology, the SSU-based technique 
was first employed and then the PSU-based technique was then conceived and implemented; 
both could be tested over the complete sample. Several aspects favoured the PSU-based option 
in our view: the photo-interpretation and digital restitution process fed a geographic database, 
possibly reusable, via a land cover change analysis, for future assessment exercises (in case the 
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same PSU structure is chosen) whereas the verification work point per point was likely to only 
serve the purpose of this one time study. Second, the PSU-based method fits existing visual 
interpretation skills in the community of physical geography, whereas the point per point 
verification proves equally time consuming and perhaps not worth the savings in the collection 
of extra information.  

3.3 Labelling protocol 
The photo-interpreter was trained to fill a table for each polygon of the reference maplet. This 
table was designed to reflect the labelling protocol: it consisted in thirteen attributes for each 
reference polygon, meant to be used in the subsequent process of automatic comparison with 
the NFI map polygons. The attributes included the code of the four classes with the highest 
probability of representing the polygon, the linguistic fuzzy scores (Gopal & Woodcock, 1994) 
of each one of them, and a percentage of estimated presence in the polygon (‘quantitative’ 
fuzzy score) for each one of them. Finally, the table included a photo-interpretation confidence 
rating comparable to the one used in Zhu et al. (2000). 

3.4 Agreement definition 
Two agreement definitions were considered in this research: First, a ‘Boolean’ agreement, 
tolerating an alternate answer: the two first class codes of the reference polygon (the primary 
and secondary (alternate) class) containing the SSU were compared with  the NFI map label at 
this same SSU point, and any match was considered an agreement. Alternatively, a ‘fuzzy’ 
agreement, tolerating scores of 3 and higher for all four classes assigned to the reference map. 
Any match between those codes and the NFI map label was considered an agreement. 

The punctual nature of the SSUs called for caution when reference labels were to be compared 
with NFI map labels. A scale adjustment operator, based on the ‘epsilon’ probabilistic band 
approach (Mas, 2005), was designed to be applied onto the reference maplets after the PSU-
based geometric restitution and prior to final map comparison. This operator was based on the 
analysis of the intersect vector of both maps (reference and NFI) with joined attributes; the 
operator modified the reference attribute of any polygon found below the epsilon band, in 
function of the reference attributes of its neighbours. This procedure changed the 
characteristics of the reference maplets so as to exclude geometric errors below one mapping 
unit. The advantage of this procedure over ‘manual’ removal of these errors is that sample 
sizes of 100 per class is maintained. For example, in Stehman et al. (2003), the consideration 
of a ‘mode’ class from 3x3 pixel windows of the map implied modifying (probably by hand) 
the counts of each mapped class sample for error matrix construction. This feature was found 
as being another advantage of the ‘reference maplets’ technique compared to point by point 
verification. 

3.5 Synthesis of the evaluation 
Two sampling designs were apprehended. In the case of a double proportional stratified 
sampling, inclusion probabilities of a sample point of class k were by construction that of a 
simple stratified sampling: pk = fk, the frequency of class k. The formula for stratified random 
sampling was therefore used for global accuracy estimates. However, the binomial standard 
error formula was used to compute variance for the accuracy level estimators of each class 
because of a lack of software and knowledge of more sophisticated variance formulae. In the 
case of a common class of a hybrid sampling protocol, the first stage probability of selecting a 
PSU is expressed by p1k= K/N, where K is the fixed number of randomly selected PSUs for 
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common classes and N is the total number of PSUs. At the second stage, SSU inclusion 
probability is p2k=p2/1 * p1k, where p2/1 is the conditional probability. p1/2 should be equal to  
nk/N’k where nk is the sample size and N’k is the number of SSUs of class k in the K selected 
PSUs. As a simplification, we approached nk/N’k by the class frequency in the total area fk. 
Therefore, differential weights of fk * K/N were attributed to common classes when global 
estimates were computed. 

In either case, no adjustment for cluster design was attempted for confidence interval estimate, 
as a consequence of poor knowledge of intra-cluster variance. A consequence of this 
approximation – i.e. of ignoring the effect of intra-cluster variance - is an under-estimation of 
the confidence interval mentioned for the accuracy indices, common to many existing accuracy 
assessment studies. 

4 Results 

4.1 Confusion matrix and general findings  
Global accuracy and confusion patterns among NFI classes are reported for the case of a 
hybrid sampling protocol, a PSU-based geometric restitution, and a linguistic fuzzy agreement. 
These results are gathered in one confusion matrix (table 2). In order to ease sentences in the 
analysis, we introduce the term of ‘confusion flux’ from class a to class b as being the 
proportion of sampled mapped class a found to belong to class b in the reference data.  

The overall fuzzy agreement score of 81% (Boolean 75%) primarily reflects the high accuracy 
(89%) of the dominant class ‘annual crop’. The accuracy is high (94% and above) for water 
and human settlement. The spectral separability of these land covers within the group and with 
respect to other groups is indeed among the highest on conventionally-used Landsat colour 
composites. Conversely, very high inter-confusion within aquatic vegetation covers is evident 
from the matrix. The spectral ambiguity and variability (across inundation phases) of these 
aquatic vegetation types is probably one of the key explainers of this observed high confusion. 
Former INEGI maps mostly confirm the reference data in exhibiting such errors of the NFI.  

Among non-treed vegetation covers, much of the mapped induced grasslands, and some of the 
mapped ‘secondary’ oak would be cropland in reality. In turn, much of the mapped cropland 
should be scrubland, with the subtraction of a small reciprocal confusion pattern. Altogether, 
according to the area fraction numbers on producer’s totals, the presence of scrub (with or 
without ‘secondary’ vegetation) is underestimated by 3.5% of the entire region. This could 
reveal a under-estimation of the withdrawal of non-pastoral and pastoral agricultural activity in 
the region with respect to former maps, towards the regeneration of scrub vegetation 
communities. 
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Table 2 Confusion matrix for the fuzzy accuracy assessment of the National Forest Inventory map at 
community level in the Cuitzeo lake watershed. 

 
 a Sample size 
 b Class area fraction (out of the total Cuitzeo area), sum of the row/column matrix elements 
c User’s (User) and Producer’s (Prod) accuracy 
 d Only indicative binomial Standard Errors, no account of stratification nor clustering 

 

4.2 Forests and the ‘secondary’ vegetation fuzziness phenomenon 
The common class oak-pine forest (98%), and rare classes such as sub-tropical scrubland 
(86%), oak forest (95%), pine forest (81%) and fir forest (84%) registered high accuracy. 
Therefore, the ‘primary’ vegetation classes present in the area are generally characterized by a 
low level of confusion. Exceptions reside in the sole mapped patches of mezquital and cloud 
forest in Cuitzeo, which both corresponded to other classes on the ground (0% accuracy, 
double-verified with ground visits). These NFI errors clearly appeared to be omission on 
respectively reporting change and rectifying an error from INEGI former maps of the area. 

By contrast with the good agreements obtained for ‘primary’ temperate forest classes, 
numerous confusions were recorded among classes denominated as temperate forests with 
‘secondary’ vegetation (the NFI classification scheme assimilates forests with ‘herbaceous, 
shrub-like and/or secondary vegetation’ under this label of ‘secondary’ forests): According to 
the reference photo-interpreted data, ‘secondary’ pine forest was wrongly mapped as 
‘secondary’ oak, ‘secondary’ mixed (oak-pine) forest was wrongly mapped as ‘secondary’ 
pine, and oak forest was wrongly mapped as ‘secondary’ mixed forest. These confusions are 
mainly responsible for the low and very low accuracy levels registered for ‘secondary’ oak 
(54%), ‘secondary’ pine (10%) and ‘secondary’ mixed (46%) forests. Various interpretations 
may arise from this observation. If we assume that the reference data reflects reality, much 
area of these ‘secondary’ forests lays on eco-tones more difficult to discern than for ‘primary’ 
mixed forests. Indeed, the more pronounced presence of human activity further augments the 
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dimension of class membership to these areas. However, doubts may be cast on the actual 
robustness of the definition of classes denominated ‘forest with secondary vegetation’. For 
example, an old fallow field or an open forest may both exhibit characteristics of several 
classes in the classification scheme. The decision between a land use class or a forest class will 
be function of subjective bounds made by interpreters on height and density of vegetation. The 
decision to attribute a polygon of secondary vegetation the label of one of the ‘secondary’ 
forest classes, will be function of its proximity to biotopes of a ‘primary’ forest type, this 
proximity also being possibly subjective. The tool of the fuzzy representation was attempted as 
a means of circumventing the over-estimation of errors due to such ambiguity in the definition 
of classes. However, accuracy levels increased only slightly from Boolean to fuzzy; we felt 
that our linguistic fuzzy representation simplified to 4 classes failed to handle the multiplicity 
of class memberships possibly occasioned by the definition of secondary vegetation; 
Altogether, some balance resulted from most of the confusion fluxes generated by these real or 
fictitious (resulting from the ambiguity on definitions) errors: the fluxes between ‘secondary’ 
and ‘primary’ and among forest types exhibit many feedback loops. Altogether, the producer’s 
totals suggest general trends such as the NFI under-estimation of ‘primary’ oak forest and 
over-estimation of ‘secondary’ oak forest both by 2.5% of the entire Cuitzeo area. 

5 Conclusion 
The method described in this research, conceived for an accuracy assessment of the Mexican 
national forest inventory map, permitted the evaluation of the pilot area within a probability 
sampling scheme. Thereby, the design would be ready, with typically available data and skills, 
for operational verification at national scale (for a systematic sample of the entire country, 
stratified by each state of the country, for example). The two-stage feature achieved much 
more spatial control over the sample than would have achieved an alternative simple stratified 
design, thus greatly reducing costs incurred in the purchase of aerial photography and in photo-
interpretation labour. The stratification per mapped class permitted us to apprehend the 
taxonomically diverse NFI with a high level of detail. The hybrid sampling protocol, the 
geometric restitution of PSU reference maplets, and the scale adjustment operator all constitute 
innovations in terms of assessment design, that were adapted to the case of the coarse scale, 
high taxonomic resolution Mexican NFI.  

A limitation of the assessment design in its application to the Cuitzeo area was the limited 
geographic distribution of point samples, given the coarse scale (1:125 000 or 500m minimum 
mapping unit) and the high number of classes. Indeed, the assessment design was conceived to 
meet requirements of a more extended territory. A strength of the assessment design is the 
relative uniformity of the response design, rendered possible by the vast (across eco-systems) 
experience of the photo-interpreter specialist in the team. 

Generally, ‘primary’ forest and ‘other cover types’ classes were represented with high 
accuracy in the Cuitzeo area. High confusion registered in all mapping zones for (generally 
scarcely distributed) ‘secondary’ forest classes were possibly due to a combination of a 
practical ambiguity caused by the way secondary vegetation was included in the classification 
scheme and digitising practices during visual interpretation. Altogether, some balance resulted 
from most of the confusion fluxes generated by this ‘secondary forest’ fuzziness phenomenon 
and the accuracy assessment actually served as a useful quantitative estimator of the general 
trends of these errors. 
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