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Abstract: The increase of tree density in forests of the American Southwest promotes extreme fire
events, understory biodiversity losses, and degraded habitat conditions for many wildlife species.
To ameliorate these changes, managers and scientists have begun planning treatments aimed at
reducing fuels and increasing understory biodiversity. However, spatial variability in tree density
across the landscape is not well-characterized, and if better known, could greatly influence planning
efforts. We used reflectance values from individual Landsat 8 bands (bands 2, 3, 4, 5, 6, and 7) and
calculated vegetation indices (difference vegetation index, simple ratios, and normalized vegetation
indices) to estimate tree density in an area planned for treatment in the Jemez Mountains, New Mexico,
characterized by multiple vegetation types and a complex topography. Because different vegetation
types have different spectral signatures, we derived models with multiple predictor variables for
each vegetation type, rather than using a single model for the entire project area, and compared the
model-derived values to values collected from on-the-ground transects. Among conifer-dominated
areas (73% of the project area), the best models (as determined by corrected Akaike Information
Criteria (AICc)) included Landsat bands 2, 3, 4, and 7 along with simple ratios, normalized vegetation
indices, and the difference vegetation index (R2 values for ponderosa: 0.47, piñon-juniper: 0.52,
and spruce-fir: 0.66). On the other hand, in aspen-dominated areas (9% of the project area), the best
model included individual bands 4 and 2, simple ratio, and normalized vegetation index (R2 value:
0.97). Most areas dominated by ponderosa, pinyon-juniper, or spruce-fir had more than 100 trees per
hectare. About 54% of the study area has medium to high density of trees (100–1000 trees/hectare),
and a small fraction (4.5%) of the area has very high density (>1000 trees/hectare). Our results
provide a better understanding of tree density for identifying areas in need of treatment and planning
for more effective treatment. Our analysis also provides an integrated method of estimating tree
density across complex landscapes that could be useful for further restoration planning.
Keywords: fire suppression; tree density; Landsat 8; wildfire; restoration; Jemez mountains

1. Introduction
Structural diversity, an important component of forest management, is often interpreted in
terms of the stand characteristics, including age, height, canopy cover, stem diameter (or DBH),
and aboveground biomass and density and their horizontal and vertical distribution [1–5]. Specifically,
species composition, DBH, tree height, and spatial distribution of trees are the four major components
of forest structural diversity, and forest management applications are usually related to these
variables [6,7]. Such structural variables are important in forest ecology and management because
they can contribute to achieving management goals, allowing for the estimation of parameters which
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are hard to measure in a direct manner, such as primary productivity, and can directly relate to the
estimation of the economic value of forest stands and ecosystem services [2,7].
Ground survey information obtained through simple random or stratified random sampling
is often used to describe patterns of forest structure and their relation to landscape attributes [8,9].
The use of vegetation sampling plots for data collection can provide accurate results, but can also
be time and cost intensive, depending on terrain and accessibility conditions [10–13]. In these cases,
information provided through remote sensing or image analysis can be valuable for detecting structural
variation within ecosystems [14]. Data from active remote sensing techniques such as light detection
and ranging (LiDAR) generally provide better estimates of forest structural properties than the data
from passive remote sensing [15].
Remotely sensed data have been widely used for assessing forest structural diversity, because
these are usually readily available over large areas [12,16–19]. Because forest variables have been
correlated to remotely sensed reflectance patterns, they can also be used as a source of biophysical
information [3,4,20,21]. For example, the information recorded in individual spectral bands (and a
combination of those) by the Landsat Thematic Mapper (TM) sensor has been demonstrated to be a
good predictor of understory species, tree seedling density, shrub and grass cover and height, size
diversity, age, and biomass of overstory species in Yellowstone lodgepole pine forests in the USA [20],
of canopy cover and tree density in mixed conifer forests in the USA [22] and in northern Turkey [23],
and of diameter at breast height (DBH), height, canopy closure, and basal area in the tropical forests
of Sulawesi, Indonesia [3]. In addition to the use of individual TM bands as predictors of forest
variables and parameters, one or sometimes a combination of indices calculated from these bands
have also been used extensively to predict biophysical attributes at larger geographic scales. The
“Normalized Difference Vegetation Index” (NDVI) is perhaps the most widely used proxy [24,25].
Because of the differential nature of the reflectance of vegetation in the near infrared (NIR) and red
bands of the electromagnetic spectrum, this index has been used to predict species diversity [26–29],
changes in species composition [30–32], species distribution [33,34], the measurement of net primary
productivity [35,36], and the quantification of land cover changes [37,38].
Several studies have used the predictive power of remote sensing to understand spatial patterns in
forest structural complexity. For example, a combination of Landsat TM sensor values and field data has
been used to estimate structural parameters in conifer forests of Canadian Northwest Territories [36,39].
A combination of NDVI and several other vegetation indices have been used to assess structural
diversity in areas such as the Atlantic rainforest of southeastern Brazil (R2 = 0.45 to 0.89) [40], relatively
homogenous forests in northeast Iran (R2 = 0.69 to 0.74) [4], North American lodgepole pine forests
in Yellowstone National Park (R2 = 0.46 to 0.80) [20], and mixed forest stands of Turkey (R2 = 0.67 to
0.70) [22]. These and other scientific assessments have corroborated the effectiveness of using ratios
between reflectance bands from satellite images to estimate structural properties in a wide variety of
forest types and settings.
For several decades, forest ecosystems in the southwestern USA have been the focus of research
and management practices by plant ecologists and restoration ecologists. Contemporary southwestern
forests are the results of the past disturbances and management practices related to the use or
suppression of fire. Fire suppression in the twentieth century has altered the structural diversity
of these forests and increased fuel loads [41,42]. Documented alterations due to fire suppression
include a decrease in understory diversity and biomass as well as an increase in tree densities and
canopy cover [43,44]. In result, recent occurrences of uncharacteristically large and intense wildfires,
that have caused the loss of key ecosystem components, are thought to be clear consequences of such
altered forested ecosystems [45,46]. Because ecological restoration techniques aimed at reducing
the accumulation of excessive fuels and encouraging understory vegetation growth [47–49] are
now planned for the region, a detailed understanding of tree distribution patterns is important
for restoration managers, planners, and scientists [50].
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Few studies have assessed the landscape or regional patterns of structural diversity in coniferous
forests of the southwestern USA using remote sensing. Most of the studies for the region have focused
on understanding fire activity patterns rather than understanding the distribution of a particular forest
structural property [51–55]. The literature that is available for similar forest types in other locations
is limited to areas with little variation in elevation range in Colorado [56], areas dominated by a
single species in Yellowstone National Park [20], closed-canopy forests in Oregon [57], forests with
uniform age and species composition in Oregon [58], and intensely managed forests in Idaho, Texas,
and New Brunswick Province (Canada) [21,59,60].
In this study, we evaluated the efficacy of using remotely-sensed Landsat 8 data to derive accurate
estimates of tree densities across a highly-variable landscape in northern New Mexico. We estimated
tree density in forests using on-the-ground field data, and then compared these values to independent
spectral band reflectance values from Landsat 8 data and derived vegetation indices. We not only
compared the tree density among the vegetation types, but also among the wildfire affected areas,
restoration treatment areas, and undisturbed areas. Our work investigated the correlation between
these data and the ability to generate spatially explicit maps of tree density amidst the forest type
diversity and complex topography in the region.
2. Materials and Methods
2.1. Study Area
The Collaborative Forest Landscape Restoration Project (CFLRP) area of the Southwest Jemez
Mountains, in north-central New Mexico, USA, covers over 85,000 hectares, of which 52% is managed
by the Santa Fe National Forest, 41% by the Valles Caldera National Preserve (National Park Service),
4% by private land owners, and 3% by the Pueblo of Jemez (Figure 1). Elevation ranges from about
1700 m to 3370 m (Redondo Peak), and the climate is generally semi-arid to continental [61]. Mean
annual precipitation over the past 31 years (1981–2012), based on the nearest Snow Telemetry (SNOTEL)
station (Quemazon station; located 13 km northeast of Redondo Peak), is 711 mm equally contributed
by summer monsoon rainfall and wintertime snowfall [62].
The Valles Caldera National Preserve (VALL) and the adjoining Santa Fe National Forest (SFNF)
are a complex region in terms of vegetation types and land cover dynamics. Forests (mixed conifer,
ponderosa, and aspen), woodlands (piñon-juniper and oak), and grasslands (mostly alpine meadows)
constitute the structural diversity of the landscape [63]. Ponderosa pine forests cover 34.37% of the
study area, spruce-fir forests cover 29.53%, piñon-juniper woodlands cover 16.22%, grasslands cover
9.81%, oak woodlands cover 3.59%, sagebrush covers 3.30%, and aspen forests cover 3.16% of the total
project area [64]. The dominant tree species are ponderosa pine (Pinus ponderosa Douglas ex Loudon),
white fir (Abies concolor (Gordon & Glend.) Lindl. ex Hildebr.), blue spruce (Picea pungens Engelm.),
Douglas fir (Pseudotsuga menziesii (Mirb.) Franco), piñon pine (Pinus edulis Engelm.), Rocky Mountain
juniper (Juniperus scopulorum Sarg.), one-seed juniper (Juniperus monosperma Sarg.), alligator juniper
(Juniperus deppeana Steud.), and quaking aspen (Populus tremuloides Michx.).
Recent large-scale fire events (especially the Las Conchas fire of 2011 and the Thompson Ridge
fire of 2013) in the VALL and adjoining SFNF left very few to no trees across large areas, which have
been recolonized mostly by shrubs and aspen saplings. Stand age, tree height, and tree density are
the major attributes of the structural diversity of these complex forested ecosystems. Mature and
old growth structures, open meadows, aspen stands, and understory diversity have decreased due
to the increased forest density and recent wildfires [65]. To restore these altered forests, the CFLRP
team, in conjunction with the managers at VALL and SFNF, have planned mechanical thinning and
prescribed burning treatments for the study area. Some of the areas have already been treated with the
aim of completion in coming years (Figure 1).
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2.2. Field Data
A total of 224 permanent transects were established for annual vegetation monitoring in the study
area. We used a systematic random sampling design to cover a range of vegetation types, canopy cover,
and aspects while selecting these plots. There were 67 ponderosa transects, 59 spruce-fir transects,
36 piñon-juniper transects, 29 grassland transects, 17 oak transects, and 16 aspen transects. A 200 m
transect was surveyed along a randomly selected bearing. If the transect appeared to cross a boundary
between vegetation types, the bearing was chosen again and/or the transect length was reduced to
100 m. This helped to maintain a uniform vegetation type throughout the entire length of each transect.
The transects were surveyed between May and August 2014. At every 40 m on the 200 m transect
(or every 20 m on a 100 m transect), the density of live trees was estimated via the point-quarter
method [66,67]. Tree density was calculated as:
Absolute density = λ = 

(4n)2
∑in=1

∑4j=1

Rij

2

(1)

where n is the number of sampling points in a transect (=5); 4n is the total number of observations
in the whole transect (=20); i is a sampling point in a transect (i = 1, . . . , n); j is a quarter at a transect
point (j = 1, . . . , 4); and Rij is the distance measured to the tree at the transect point i in quarter j [63].
2.3. Remote Sensing Data Acquisition and Processing
Standard Landsat 8 products provided by the United States Geological Survey (USGS) Earth
Resources Observation and Science Center (EROS) were acquired for path 34 and row 35 (16 June 2014)
with complete coverage of the study area. This level 1 product consisted of quantized and calibrated
scaled Digital Numbers (DN) representing multispectral image data. The DN values were rescaled into
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radiance or the Top of Atmosphere (TOA) reflectance using the corresponding radiometric rescaling
coefficients [68]. We used the equation for sun angle-corrected reflectance provided by the USGS [69]:
ρλ =

Mρ Qcal + Aρ
Sin(θSE )

(2)

where ρλ is the TOA planetary reflectance; Mρ is the multiplicative rescaling factor; Aρ is the additive
rescaling factor; Qcal are the standard product pixel values or digital numbers (DN); and θSE is the
local sun elevation angle. Bands 2 through 7 were used, as they have the same spatial resolution and
have been used for vegetation analysis in the past [70,71]. The bands were: band 2 (blue: 450–510 nm),
band 3 (green: 530–590 nm), band 4 (red: 640–670 nm), band 5 (near infrared: 0.85–0.88 µm), band 6
(short wave infrared: 1.57–1.65 µm), and band 7 (short wave infrared: 2.11–2.29 µm)) [69]. Rescaling into
the TOA reflectance values was achieved by applying the equation above using Earth Resources Data
Analysis System (ERDAS) Imagine® software 2016. The TOA reflectance values for the sampling sites
were extracted from the multispectral image by overlaying geographic coordinate points representing
sampling locations in ERDAS Imagine® software 2016. Due to the significant loss of information when
resampled to six pixels (180 m × 180 m), the sampling locations represented 30 × 30 m pixels intersecting
each field transect where similar continuous vegetation cover was evident.
2.4. Data Analysis
We used two-way analysis of variance (ANOVA) to analyze the overall variation in the
field-based tree density means. Density was used as the dependent variable, and vegetation types
(aspen, piñon-juniper, ponderosa, and spruce fir) and burn status (burned or not burned) due to the
recent fire events of 2011 and 2013 were used as explanatory variables in a fully crossed model. There
were 43 burned transects among the 178 transects under consideration for this analysis. A post-hoc
Tukey test was also performed for the pairwise analysis of means when an overall difference was
detected in density across vegetation types and burn status [72].
We used bands 2 to 7 and the Normalized Difference Vegetation Index (NDVI), the Difference
Vegetation Index (DVI), the Simple Ratio (SR), and the Normalized Difference band 5 and band 7
(ND57) as predictor variables to model field tree density estimates in R statistical platform [24,30,73]).
The formulas for each ratio are as follows: NDVI = (band 5 − band 4)/(band 5 + band 4); DVI = band 5
– band 4; SR1 = band 5/band 4; SR2 = band 6/band 4; SR3 = band 5/band 7; ND57 = (band 5 – band 7)/
(band 5 + band 7) (modified from [4]). Log-transformed values of tree density were used as the
independent variable to minimize the high range of density values.
As a first approach, linear regression was performed between measured density and bands or
ratios (band 2, band 3, band 4, band 5, band 6, band 7, NDVI, DVI, ND57, SR1, SR2, and SR3) for all of
the transects. We used forward stepwise selection to select the model for all of the transects at once.
Subsequently, individual models were produced restricting values for each vegetation type: ponderosa
pine, spruce-fir (mixed conifer), piñon-juniper, and aspen. We obtained vegetation classification data
from the Santa Fe National Forest GIS data source [74]. Grasslands were excluded from the analysis
as they have either zero or very few trees, and the areas dominated with sagebrush in the lower
elevations were also exlcuded. Oak (mostly Gambel Oak: Quercus gambelii Nutt.; and Sonoran scrub
oak: Quercus turbinella Greene) in the study area are considered shrubs; individual plants are typically
not tall enough to reach top canopy heights and cover only 3.59% of the study area. Therefore, oak
shrubland was also excluded from the analysis. After analyzing all individual bands, vegetation
indices, and all possible combinations of the explanatory variables, the models with the greatest
values of R2 and adjusted R2 values, and the lowest values of corrected Akaike Information Criteria
(AICc) were selected [4,75]. The residual plots of each regression model did not show specific patterns,
suggesting good fit for the models, and the normality plot of the residuals also supported proper fit.
The pixel values resulting from the best respective models were used as an estimate of tree density for
individual vegetation types.
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The accuracy of the models was tested using a k-fold cross-validation approach, where the dataset
is divided into roughly equal blocks and the model is constructed using all the blocks but one [76].
The model is then tested for the remaining block and the process is repeated k times resulting in an
averaged estimated error [77]. We used 5-fold cross-validation (k = 5; [76]) because of the low number
of observations for each vegetation type. Based on each of the five test cases’ residuals, an average mean
square error value was produced for each of the models analyzed, which was used for the model’s
predictive power. Individual regression models that were significant at the 95% confidence level were
Forests 2017, 8, 287
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3.2. Model Selection and Cross-Validation
Among all 12 explanatory variables, band ratios ND57, SR1, and DVI produced the best prediction
for the combination of all vegetation types, as depicted by low values of AICc and the highest values
of R2 and adjusted R2 (Table 1). For the best models, these values ranged from 33.40 to 223.80 (AICc),
0.46 to 0.97 (R2 ), and 0.42 to 0.96 (adjusted R2 ; Table 1). Non-transformed bands (band 4 and band 2)
were sufficient to predict piñon-juniper density, but a combination of bands and band ratios produced
the best models for aspen, ponderosa, and spruce-fir areas. Using a 5-fold cross validation approach,
mean error estimates for the best models were 0.36 trees/ha for aspen (standard deviation (SD) = 0.19,
n = 5), 0.86 trees/ha for pinyon-juniper (SD = 0.66, n = 5), 1.10 trees/ha for ponderosa pine (SD = 0.46,
n = 5), and 4.42 trees/ha for spruce-fir (SD = 3.48, n = 5).
Table 1. Corrected Akaike Information Criteria (AICc), R2 , adjusted R2 , and mean square error (MS)
for the multiple regression models between density and combination of bands and vegetation indices
for the entire area and for each vegetation type. Intercept and coefficients refer to the regression models
used in the prediction. The values in bold show the best models selected.
Vegetation
Types *

AICc

R2

Adj R2

MS **

All
(n = 178)

681.90
629.70
623.80

0.24
0.44
0.46

0.23
0.43
0.45

3.82
3.05
3.04

dˆ = 4.03 + 5.89 ND57
dˆ = 7.96 + 17.72 ND57 − 2.50SR1
dˆ = 7.54 + 18.60 ND57 − 3.17 SR1 + 17.64 DVI

ASP
(n = 16)

41.90
41.10
33.40

0.92
0.94
0.97

0.91
0.92
0.96

0.59
0.57
0.36

dˆ = 3.50 + 19.94 ND57 − 2.26 SR3
dˆ = 1.19 + 24.76 ND57 − 2.70 SR3 + 26.86 band4
dˆ = 21.06 + 21.16 ND57 − 1.99 SR3 + 284.01 band4 − 478.56 band2

P-J
(n = 36)

105.30
96.80

0.34
0.52

0.32
0.49

1.1
0.86

dˆ = 8.63 − 22.73 band4
dˆ = 3.25 − 50.03 band4 + 84.74 band2

PON
(n = 67)

207.00
200.00

0.35
0.43

0.32
0.40

1.26
1.15

199.00

0.46

0.42

1.10

dˆ = 7.88 − 47.02 band7 + 66.15 band3 − 0.87 SR3
dˆ = 10.59 − 11.50 band7 + 9.50 band3 − 5.71 SR3 + 23.32 ND57
dˆ = 13.51 + 4.93 band7 − 24.93 band3 − 6.39 SR3 + 28.23 ND57 −
0.95 SR2

S-F

226.80

0.60

0.57

3.07

(n = 59)

225.80

0.63

0.59

2.81

223.80

0.66

0.62

4.42

Models ***

dˆ = 3.87 + 2.14 ND57 − 6.12 SR1 + 38.20 NDVI − 1.78 SR2 + 2.57 SR3
dˆ = 2.85 − 1.32 ND57 − 7.87 SR1 + 41.36 NDVI − 1.82 SR2 + 4.24
SR3 + 21.87 DVI
dˆ = 6.67 − 11.46 ND57 − 8.68 SR1 + 37.32 NDVI − 1.81 SR2 + 5.58
SR3 + 55.51 DVI − 29.87 band7

* All, All points; ASP, Aspen, S-F, Spruce-Fir; PON, Ponderosa; P-J, Piñon-Juniper; NDVI, Normalized Difference
Vegetation Index; DVI, Difference Vegetation Index; SR, Simple Ratio; and ND57, Normalized Difference band 5
and band 7. ** MS refers to the mean square error (trees/ha) reported from 5-fold cross validation of each model.
*** log (density + 1) was used to deal with 0 density values, dˆ refers to estimated density.

3.3. Tree Density Estimation
Based on the selected models, 4.21% of the areas classified as aspen and 7.69% of spruce-fir did
not have trees, but most of the areas dominated by piñon-juniper and ponderosa had at least some
trees (Figure 3). Most areas dominated by these four vegetation types (71.22% of aspen, 94.67% of
piñon-juniper, 71.21% of ponderosa, and 55.30% of spruce-fir) had more than 100 trees per hectare, and
more than 1000 trees per hectare were present in 13.14% of the spruce-fir areas (Figures 3 and 4). A
high proportion of piñon-juniper woodlands (54.11%) had more than 500 trees per hectare. Overall,
58.37% of the total study area had more than 100 trees per hectare, and 19% of the area had less than
100 trees per hectare.
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4. Discussion
4.1. Current Forest Conditions
As of June 2014, most of the areas burned in the Las Conchas fire of 2011 had a low (62.90% of
the burned area) or medium (23.69% of the burned area) density of live trees. We estimated similar
composition in the areas burned in the Thompson Ridge fire of 2013 (Table 2). In addition, the areas
treated with prescribed fire and thinning demonstrated similar patterns, with more than 87% of the
treated areas estimated to have a low and medium density of trees. On the other hand, more than
80% of the area planned for immediate restoration treatments consisted of greater than 100 trees per
hectare. Similarly, the remainder of the area which was neither treated nor planned for immediate
treatment were also dominated by a medium to very high density of trees (83.49% of the area).
Table 2. Tree density as of June 2014.
Tree Density Class ↓

Area (%) *

Area (ha) →

Fire 2011
(9962.46)

Fire 2013
(8402.94)

Treated
(670.23)

Planned
(5793.48)

Not Treated
(45361.71)

No trees
Low density (1–100 trees/ha)
Medium density (101–500 trees/ha)
High density (501–1000 tress/ha)
Very high density (>1000 trees/ha)

7.59
62.90
23.69
3.14
2.68

16.45
44.54
32.40
4.02
2.59

0.26
45.29
42.22
5.48
6.75

0.36
18.35
64.08
14.45
2.77

0.43
16.08
56.82
19.86
6.81

* Top values are in bold face.

We predicted that conifer-dominated forests in the Jemez Mountains have a high density of trees,
and that Landsat 8 imagery, particularly a combination of individual bands (bands 2, 3, 4, and 7)
and transformed bands (ND57, NDVI, and simple ratios) can be a useful method for monitoring tree
density in this region, which has complex vegetation types and topography. The high density of trees
predicted by our model corresponds with [78], who also reported very high ponderosa pine densities
in the Monument Canyon area of the Jemez Mountains. The density of young trees has been increasing
in these forests due to the absence of fire and changes in management practices such as grazing [78,79].
The forests of the study area have significantly departed from historic conditions, with a
higher tree density leading to a higher risk of losing key ecosystem components due to a high
fire risk [65]. In similar mixed-conifer forests in Arizona, historical tree densities were estimated at
~140 live trees/ha [80]. Our density estimates for the Jemez Mountains study area greatly exceed this,
with more than 500 live trees/ha in more than 36% of the area. These high densities are primarily
in areas which were not burned in the big fires of 2011 and 2013, and have not yet been treated
with thinning or prescribed burning, but are considered for either immediate or future restoration
treatments. The method we use here could therefore help managers to identify and prioritize areas with
higher tree densities to consider for upcoming restoration treatments. Our estimation of the current
conditions of these forests also demonstrates the effectiveness of treatment procedures, as indicated by
the lower tree densities in the treated areas.
4.2. Predicting Tree Density
Model performance, a derivative of reflectance, is influenced by the leaf area index (LAI),
and several factors such as leaf structure, leaf orientation, and ground exposure have an impact on
LAI [81]. Model performance for the aspen-dominated areas was better than for the other vegetation
types because of the broad leaf type which allows less ground exposure, thereby reducing background
noise. Among the conifer-dominated forests, the model for spruce-fir performed better, because
of the higher density branches and needles reducing background influence, than the ponderosa
pine- and pinyon-juniper-dominated areas. In addition to the plant architecture, the optical properties
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of the atmosphere have an impact on the TOA reflectance of the shortwave bands [82], which could
have resulted in the low accuracy pinyon-juniper and ponderosa pine models. Even though the
inclusion of band 2 produced a better ponderosa pine model, we excluded it from the process to avoid
overprediction because of its high correlation with band 3 (r = 0.98).
The near and middle infrared bands, individually or used in ratios, had an important role in
the predictive capabilities of our models. Similar studies have reported that infrared bands are
effective for forest density prediction, including [23], who postulated that dense stands have higher
infrared reflectance than low density stands. However, the conifer forests in our study did not show
strong correlation between infrared bands and tree density because of the leaf orientation and leaf
structure [83]. Studies have shown that the amount of near infrared energy reflected in this region of
the spectrum is controlled by the spongy mesophyll layers in green leaves due to internal scattering at
the cell wall–air interfaces within the leaf [83]. Therefore, the amount of green healthy leaves present
in a specific area will have an impact on the overall near infrared reflectance. Similarly, there is a strong
relationship between reflectance in the middle infrared region from 1.3 to 2.5 µm and the amount of
water present in the leaves of a plant canopy, which is stored in the spongy mesophyll layers of the
leaves. Water is a good absorber of middle infrared energy, so the greater the turgidity of the leaves,
the lower the middle infrared reflectance [83]. Because of this, the high predictability of vegetation
density by ratios using bands 5 and 7 (near infrared and middle infrared) in combination with bands 4
and 2 (visible bands controlled by photosynthetic pigments) was expected.
Nonetheless, the strength of the relationship between the visible and infrared bands with tree
density is ecosystem dependent [83]. We found that some bands and band ratios explained more of the
tree density in broadleaf aspen forests, followed by the spruce-fir, piñon-juniper, and ponderosa pine
forests, respectively. Using ratios as explanatory variables in this study, the R2 values for the predicted
live tree density in different types of coniferous forests achieved values between 0.46 and 0.66, which
are higher than those found for the lodgepole pine forest (R2 = 0.34) in Yellowstone National Park [20].
The results from this study are comparable to predictions in commercially managed and mixed-aged
loblolly pine forests in Texas (R2 = 0.60; [23]). The R2 values for aspen forests in this study were higher
than those in similar studies of homogenous and broad-leaved forested landscapes in Iran studied
by [4] as well. We also found similar results for spruce-fir mixed forests (R2 = 0.63) compared to those
that were reported for mixed forests in Turkey [22].
In our study, even though the Landsat data had been geometrically corrected prior to analysis,
some areas showed an unusually predicted high density of pinyon-juniper trees, particularly in steep
slopes (Figures 3 and 4b). This is probably related to a strong viewing angle effect causing lower
reflectance values for the visible wavelengths in such areas [84]. Other possible sources of error
could be related to the transect method of sampling trees rather than squared plots, as the density
was predicted for pixels of 30 × 30 square meters rather than for a line that potentially crossed
multiple pixels.
5. Conclusions
The use of Landsat 8 imagery to predict tree density patterns in areas with complex vegetation
types, terrain, and wildfire history is an important advance that will aid in management decisions.
Forests in Southwestern USA are increasingly the targets of study and for the implementation of
restoration treatments (e.g., [48,85–87]), and models based on remotely sensed spectral reflectance
values provide a landscape-scale perspective for areas to be treated by mechanical thinning, prescribed
fire, or other treatments based on spatial patterns of tree density for each vegetation type. Forest
managers could use a combination of on-the-ground density data, calculated from measurements
such as the point-center-quarter method [88], and combine these with vegetation indices to predict
tree density. The use of near infrared and middle infrared spectral bands should be considered
for predicting tree density, either as individual predictors or in band ratios, as these provide the
most accurate results. However, the estimation could be influenced by plant architecture, such as
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leaf structure, leaf orientation, and ground exposure. These results could be further improved by
measuring tree data via a sampling design fitted to match the spatial resolution of satellite imagery
and an integrated analysis with data from active remote sensing techniques. Further steps in remote
sensing research in this region should include the estimation of other forest parameters, such as DBH,
aboveground biomass, and stand age characteristics using remote sensing data. Forest managers could
use our findings to identify the most susceptible areas for uncontrolled wildfire, and to consider those
areas for immediate restoration plans.
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