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Abstract: Balsam fir trees are a specialty agricultural species that are largely used as Christmas trees. 
Soil or tissue sampling is seldom performed to assess balsam fir nutrition needs, which can 
contribute to over or under fertilization and subsequent environmental challenges. Remote sensing 
to determine the normalized difference vegetation index (NDVI) has had strong relationships with 
nutrition in other plants. This research aimed to determine whether there is a relationship between 
NDVI and nutrition in balsam fir. A random sample of 45 trees was selected in autumn of 2021 and 
then another 70 trees selected in spring of 2022. Soil and needle tissue samples were analyzed for N, 
P, K, Ca, Mg, S, Fe, Zn, Mn, B, and Cu. An uncrewed aerial vehicle equipped with a multispectral 
camera was flown over the orchard to determine the NDVI for each tree. Nutrition and NDVI were 
analyzed for correlations through all sampled trees. Separate correlation analyses were repeated for 
mature trees (greater than 5 years old) and young trees (less than 5 years old). Soil nutrients N, P, K 
had a significant relationship with NDVI in autumn sampling. Only N was correlated consistently 
in both autumn and spring, with R2 of 37% and 33% respectively. Relationships were much stronger 
when only mature trees were considered, increasing to 60% and 51% respectively. NDVI was found 
to offer predictive power for tissue N that can be useful to producers to help optimize fertilizer 
input. However, further work is needed to refine these relationships. 

Keywords: agriculture; conifer; forestry; NDVI; normalized difference; nitrogen; precision 
agriculture; remote sensing; site specific; UAV 

 

1. Introduction 

Balsam fir (Abies balsamea) is a mid- to -late successional species that is adapted to cooler climates 
[1,2]. Balsam fir trees tend to experience optimum growth in regions with an average temperature of 
2 – 4°C, though they can tolerate temperatures lower than 40°C [2,3]. As such, balsam fir trees are 
easily found in most of Canada and northeastern Unites States [3]. Balsam fir may be harvested for 
lumber or fuel, but they also occupy a horticultural niche as Christmas trees.  

The Christmas tree industry has been growing steadily in Canada over the past decade [4]. 
Christmas tree farm receipts were $52 million CAD in 2012 but had increased by 244% by 2022 [4]. 
Balsam fir is the most popular Christmas tree produced in Canada, with some spruce, pine, and other 
fir species produced in minor quantities [5]. Originally, Christmas trees were harvested from natural 
forest stands with little to no management strategy from producers [6]. However, now over 95% of 
Christmas trees are grown on plantations and must be managed more heavily to produce a tree with 
desirable characteristics [6]. Key commercial attributes for balsam fir Christmas trees include shape, 
foliage density, needle retention, foliage color, and scent [5]. 

Christmas tree fertilization is necessary to maintain many commercially desirable 
characteristics. Nitrogen is the nutrient most likely to be lacking for Christmas tree growth and color 
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development [7,8]. Needle nitrogen concentrations of between 1.4% and 1.6% are adequate for 
growth, though higher concentrations are beneficial for color and needle retention [7,9,10]. Christmas 
tree fertilization regimes vary considerably between producers. Fertilization may happen once every 
other year, once per year, twice per year, or not at all [11–13]. The most common time of year to apply 
fertilizer is in spring, typically between March and May, dependent on species and climate [12] . If a 
second application of fertilizer is incorporated, then it would typically be applied closer to harvest to 
ensure better foliage color [12,13]. Traditionally, fertilizers are applied to soils under the tree drip line 
by hand, though motorized and aerial application may also be used depending on the size of the field 
[7]. 

There are many challenges facing the environmental sustainability of Christmas tree 
fertilization. First, Christmas trees only utilize 21% of applied nitrogen with another 30% remaining 
in the soil. The remaining 49% is lost primarily through leaching and denitrification, with each posing 
significant environmental risks [7]. Second, fertilizer is applied at rates much higher than other 
agricultural products. For comparison, Christmas trees may receive 200 kg N ha-1 yr-1 mid-rotation 
[14] versus an average of 145 kg N ha-1 yr-1 for corn [15]. Christmas trees may have almost 600 kg N 
ha-1 yr-1 during a harvest year [14]. Third, soil nutrient analysis is of limited value because the 
relationship between soil nutrition and desirable Christmas tree characteristics has not been well 
developed for balsam fir [16]. Foliar nutrition provides a more direct indication of tree nutritional 
status where soil nutrition provides information on its capacity to supply nutrition [16,17]. Needle 
tissue should be sampled to ensure nutrient concentrations remain within an acceptable range 
because some changes due to fertilization may not be observed until the following season [7]. Finally, 
nutrient concentration in both soil and plant tissue are highly variable by sampling location and 
season [9]. An improved method of identifying balsam fir nutrient requirements is needed. 

Remote sensing is the process of obtaining information about objects using specific wavelengths 
of electromagnetic radiation and has exhibited considerable potential in the quantitative 
determination of plant nutrition [18]. Several different indices have been developed to estimate 
nutrition, often using a combination of visible and near infra-red wavelengths [19]. A variety of 
passive sensors are available, such as multispectral, hyperspectral, or thermal which can be used to 
detect energy emitted or reflected from vegetation [20,21]. Remote sensing to evaluate plant nutrition 
offers several advantages over other methods, such as ease of use, decreased time for analysis, non-
destructive sampling, the ability to analyze large areas, and working in tandem with other precision 
agriculture technologies (e.g. variable rate application) [22,23]. 

Predictions of tree level nutrient deficiencies are most accurate using an uncrewed aerial vehicle 
(UAV) [20]. The use of other remote sensing techniques such as light detection and ranging (LiDAR) 
or photogrammetric point clouds show considerable promise over large areas [24], but UAVs provide 
superior resolution to make inference for individual trees [25]. Hyperspectral UAV data has been a 
moderate to strong predictor for tissue N in many tree species. The coefficient of determination (R2) 
for regression relationships in broad leafed trees was 0.8 – 0.9 [26–28]. The R2 was weaker in mixed 
forests, with values often between 0.6 – 0.8 [29,30]. One study reported an even weaker relationship 
in mixed forests where R2 = 0.53 [31]. Overall, there is evidence that remote sensing has some 
predictive power when conifers are included, though remote sensing is more effective on deciduous 
trees. Intensively managed, single species forests are likely the best candidates for using remote 
sensing to detect nutrient deficiencies [20], providing further support for its use in Christmas tree 
plantations. 

There are over one hundred different indices that can be created from multispectral data [32]. 
Perhaps the most popular is the normalized difference vegetation index (NDVI) because of its ability 
to quickly identify vegetative stress [33]. NDVI was proposed decades ago using near-infrared and 
red radiation [34], which has since been used to remotely assess plant characteristics such as 
chlorophyll concentration [35], productivity [36], or stress [37]. NDVI has been useful to identify 
nutrient deficiency in other species [38–40]. It’s also been noted that the effectiveness of NDVI can be 
dependent on the developmental stage of a plant [38]. The use of NDVI as a predictor for nutrition 
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has not been reported in balsam fir but could be a useful tool for producers to effectively ascertain 
individual tree fertilizer needs, thus decreasing cost and environmental impact.  

The purpose of this study was to evaluate whether NDVI could accurately detect differences in 
balsam fir nutrient status. It was hypothesized that NDVI would be related to foliar nutritional status. 
Based on observation by Burns et al. [38], it was also hypothesized that the relationship between 
NDVI and nutrition would be stronger in mature trees as opposed to younger trees. If the hypothesis 
is correct, then a predictive model for foliar nitrogen could be developed from multispectral data. 

2. Results 

2.1. Soil and Tissue Nutrition 

The two sites surveyed in autumn 2021 had significantly different soil nutrient profiles. Site 1 
had significantly higher soil concentrations of N, K, and Zn while Site 2 had significantly higher 
concentrations of P, Cu, and Mn (Table 1). There were no significant differences between the other 
six measured minerals (i.e. Ca, Mg, Na, S, Al, and Fe). Soil nutrition profiles had similar trends in 
Spring 2022 with respect to Site 1 and Site 2. Site 2 generally had comparable nutrient concentrations 
to Site 3 with the exception that Site 2 had significantly more K and less Cu than Site 1 (Table 2). 
Differences in soil nutrition between sites were expected, since the site in Site 1 is an actively managed 
commercial lot while Sites 2 and 3 are research sites with limited soil management. 

Table 1. Soil nutrition of two Nova Scotian balsam fir orchards. Site 1 was located on Belmont Road, 
Belmont, NS and Site 2 was located on College Road, Bible Hill, NS in Autumn 2021. Data expressed 
as mean ± standard error as calculated from 25 replicates in each site. Boron was below the detectable 
limit so not shown on the table. 

Nutrient Site 1 Site 2 
N (ppm) 13.81 ± 1.38 7.24 ± 0.71 
P (kg/ha) 360.86 ±33.37 576.88 ±28.28
K (kg/ha) 248.19 ±19.58 130.52 ± 7.25 
Ca (kg/ha) 1960.95±88.802070.92±71.66
Mg (kg/ha) 363.57 ±25.57 330.04 ±13.26
Na (kg/ha) 54.62 ±22.09 29.44 ± 1.32 
S (kg/ha) 24.86 ± 0.54 23.60 ± 0.59 
Al (ppm) 1421.14±20.241399.52±24.20
Cu (ppm) 1.18 ± 0.04 2.00 ± 0.15 
Fe (ppm) 142.10 ± 6.77 137.72 ± 6.67 
Mn (ppm) 31.67 ± 1.54 54.88 ± 4.52 
Zn (ppm) 3.09 ± 0.19 1.05 ± 0.06 

Table 2. Soil nutrition of three Nova Scotian balsam fir orchards. Site 1 was located on Belmont Road, 
Belmont, NS and Sites 2 and 3 were located on College Road, Bible Hill, NS in Spring 2022. Data 
expressed as mean ± standard error as calculated from 25 replicates in each site. Boron was below the 
detectable limit so not shown on the table. 

Nutrient Site 1 Site 2 Site 3 
N (ppm) 31.10 ± 3.66 1.99 ± 0.22 2.11 ± 0.14 
P (kg/ha) 397.92 ±34.15 611.68 ±24.82 626.76 ±23.20
K (kg/ha) 359.96 ±34.86 166.04 ±10.97 334.36 ±17.70
Ca (kg/ha) 2190.64±93.812264.68±73.781959.68±56.03
Mg (kg/ha) 381.00 ±26.61 355.88 ±16.77 349.08 ±14.50
Na (kg/ha) 71.16 ±24.00 34.44 ± 1.29 32.92 ± 1.60 
S (kg/ha) 34.60 ± 1.21 29.36 ± 0.55 28.16 ± 0.50 
Al (ppm) 1538.08±20.131429.24±28.661537.00±21.77
Cu (ppm) 1.26 ± 0.04 2.09 ± 0.14 1.30 ± 0.16 
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Fe (ppm) 136.92 ± 6.15 147.52 ± 7.51 143.48 ± 5.07 
Mn (ppm) 32.72 ± 1.61 68.32 ± 5.74 61.36 ± 2.15 
Zn (ppm) 3.63 ± 0.19 1.99 ± 0.22 2.11 ± 0.14 

Site 1 and 2 had significant differences in needle tissue profiles in autumn 2021. Site 1 had 
significantly higher needle tissue concentrations of N, while Site 2 had significantly higher 
concentrations of Ca and Mn (Table 3). There were no significant differences between all other 
measured minerals (i.e. P, K, Mg, Na, B, Fe, and Zn). Site 1 had significantly higher needle 
concentration of N in Spring 2022, but lower K, Ca, and Mn. Site 1 had lower Fe than Site 2 but higher 
Fe than Site 3. As above, it was expected that Site 1 would have higher N due to repeated fertilizer 
application at that site compared to Site 2 and 3. It was expected that P would also be significantly 
higher at Site 1, but the soil concentration of P was only 2 times as high as Site 2 and 3 while the 
concentration of N was 10 times higher. 

Table 3. Needle tissue nutrition of two Nova Scotian balsam fir orchards. Site 1 was located on 
Belmont Road, Belmont, NS and Site 2 was located on College Road, Bible Hill, NS in Autumn 2021. 
Data expressed as mean ± standard error as calculated from 25 replicates in each site. Copper was 
below the detectable limit so not shown on the table. 

Nutrient Site 1 Site 2 
N (%) 1.75 ± 0.06 1.32 ± 0.05 
P (%) 0.20 ± 0.01 0.17 ± 0.01 
K (%) 0.53 ± 0.02 0.47 ± 0.02 
Ca (%) 0.68 ± 0.05 1.13 ± 0.06 
Mg (%) 0.09 ± 0.00 0.10 ± 0.00 
Na (%) 0.02 ± 0.00 0.02 ± 0.00 

B (ppm) 18.62 ± 1.23 15.75 ± 1.19 
Fe (ppm) 43.67 ± 2.72 44.95 ± 2.85 
Mn (ppm)238.05±30.33694.79 ±82.24
Zn (ppm) 45.87 ± 3.49 54.48 ± 3.57 

Table 4. Needle tissue nutrition of three Nova Scotian balsam fir orchards. Site 1 was located on 
Belmont Road, Belmont, NS and Sites 2 and 3 were located on College Road, Bible Hill, NS in Spring 
2022. Data expressed as mean ± standard error as calculated from 25 replicates in each site. Copper 
and sodium were below the detectable limit so not shown on the table. 

Nutrient Site 1 Site 2 Site 3 
N (%) 1.31 ± 0.04 1.17 ± 0.03 1.11 ± 0.03 
P (%) 0.12 ± 0.01 0.13 ± 0.01 0.13 ± 0.01 
K (%) 0.31 ± 0.01 0.44 ± 0.02 0.44 ± 0.01 
Ca (%) 0.74 ± 0.05 1.00 ± 0.05 1.08 ± 0.03 
Mg (%) 0.07 ± 0.01 0.08 ± 0.01 0.10 ± 0.01 
B (ppm) 14.62± 0.85 15.76 ± 1.07 14.37 ± 0.68 
Fe (ppm) 58.96± 3.70 127.50 ± 26.8 37.48 ± 7.10 
Mn (ppm)283.2±31.64666.91 ±70.03602.00± 45.50
Zn (ppm) 44.89± 3.37 48.40 ± 3.08 41.36 ± 2.84 

The concentration of soil nutrients and needle tissue nutrients were not significantly related in 
most cases, except for N and Mn. Both N and Mn had significant (P < 0.01) positive relationships 
between soil and needle tissues (Figure 1). Soil N accounted for 23% of variation in tissue N and soil 
Mn accounted for 61% of variation in tissue N. It must be noted that the R2 value for Mn was inflated 
slightly due to the presence of 2 influential points at approximately 100 ppm and 150 ppm in soil. 
However, the relationship remains statistically significant even without these two points. 
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(a) (b) 

Figure 1. (a) Significant relationship between soil and tissue nitrogen in balsam fir; (b) Significant 
relationship between soil and tissue manganese in balsam. N = 45 in each graph. 

2.2. NDVI and Nutrition 

The average NDVI for balsam trees was about 0.65 and ranged from approximately 0.50 to 0.80. 
However, the 95% confidence interval was 0.692 ± 0.011 in autumn and 0.684 ± 0.010 in spring. There 
was very low variability in balsam fir NDVI in general. 

There were only weak correlations between soil nutrition and overall NDVI (Table 5). However, 
there were some significant correlations after younger trees were separated from older trees in the 
analysis. In both autumn and spring, NDVI of trees < 5 years old was positively correlated with Na 
and Mn (Table 5). NDVI was also negatively correlated with autumn S and spring K in trees > 5 years 
old (Table 5). 

Table 5. Correlation coefficients of autumn and spring soil nutrition with NDVI. Correlations are 
shown for all trees and then separated into trees less than and greater than 5 years old. In autumn, N 
overall = 45, N less than 5 years = 20, and N over 5 years = 25. In spring, N overall = 70, N less than 5 
years = 25, and N over 5 years = 45. 

Nutrient
 Autumn 2021  Spring 2022 
 Overall< 5 year >5 year  Overall< 5 year > 5 year 

N  -0.13 -0.28 0.23  0.02 -0.08 0.02 
P  0.00 0.06 0.11  -0.10 -0.09 -0.14 
K  0.18 0.15 0.20  -0.26 -0.13 -0.35 
Ca  0.01 -0.21 0.26  0.12 -0.12 0.26 
Mg  0.00 -0.15 0.21  0.06 -0.11 0.19 
Na  0.33 0.43 0.04  0.28 0.50 0.19 
S  -0.16 0.20 -0.49  0.04 0.07 0.01 

Al  -0.14 0.02 -0.28  -0.11 -0.04 -0.15 
Cu  -0.13 0.24 -0.20  0.04 0.21 0.03 
Fe  0.17 0.15 0.19  0.07 0.22 0.01 
Mn  0.05 0.53 0.05  0.03 0.36 0.02 
Zn  0.04 -0.20 0.14  -0.07 -0.03 -0.26 

There were several significant correlations between foliar nutrition and overall NDVI (Table 6). 
N, P, K were all positively correlated with NDVI in autumn (Table 6). However, these correlations 
were all stronger in trees > 5 years old. Of those three nutrients, only N and P were correlated with 
NDVI in both autumn and spring. N was of particular interest because the coefficient of 
determination (R2) was relatively high in younger trees, with NDVI explaining approximately 60% 
and 50% of variability in tissue N of trees in autumn and spring, respectively. 
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Table 6. Correlation coefficients of autumn and spring foliar nutrition with NDVI. Correlations are 
shown for all trees and then separated into trees less than and greater than 5 years old. In autumn, N 
overall = 45, N less than 5 years = 20, and N over 5 years = 25. In spring, N overall = 70, N less than 5 
years = 25, and N over 5 years = 45. 

Nutrient 
 Autumn 2021  Spring 2022 
 Overall < 5 year > 5 year  Overall < 5 year > 5 year 

N  0.55 0.48 0.78  0.55 0.30 0.67 
P  0.45 0.35 0.47  0.30 0.10 0.36 
K  0.52 0.36 0.60  0.07 0.02 0.13 
Ca  -0.04 -0.09 0.11  0.16 0.19 0.24 
Mg  -0.04 -0.31 0.29  -0.11 0.00 -0.15 
Na  0.30 0.32 0.32  n/a n/a n/a 
B  0.08 -0.03 0.17  -0.08 -0.47 0.03 
Fe  -0.07 -0.03 -0.10  0.13 0.15 0.15 
Mn  -0.05 0.06 0.00  0.19 0.34 0.23 
Zn  0.30 0.37 0.23  0.48 0.49 0.49 

There are many studies detailing remote sensing metrics in annual crops, including NDVI. 
However, it has been notably more difficult to determine relationships between spectral and growth 
characteristics in tree species [41]. Among other issues, trees crops are in production for many years 
such that tree age could be an important factor. Age has a significant effect on vegetation indices due 
to the changes in canopy coverage, soil effects, physiology, and other factors [42,43]. Age appears to 
be a major factor in NDVI is balsam fir as well, where NDVI is a better indicator of foliar nutrition in 
trees older than 5 years. 

 
(a) 

 
(b) 
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(c) 

Figure 2. Relationships between NDVI and tissue nutrition in autumn for (a) Balsam fir of any age (N 
= 45); (b) Balsam fir < 5 years old (N = 20); (c) Balsam fir > 5 years old (N = 25). 

 
(a) 

 
(b) 

 
(c) 
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Figure 3. Relationships between NDVI and tissue nutrition in spring for (a) Balsam fir of any age (N 
= 70); (b) Balsam fir < 5 years old (N = 25); (c) Balsam fir > 5 years old (N = 45). 

3. Discussion 

The major objective of this research was to determine whether there was a relationship between 
NDVI and nutrition in balsam fir. Such was rarely the case with respect to soil nutrition. There were 
no consistent relationships between NDVI and soil N, P, or K, though there were some relationships 
with other nutrients. For example, both sodium and manganese in soils were significantly correlated 
with NDVI in younger balsam fir, though the R2 was 25% in even the strongest relationship. Weak 
(or no) relationships between soil nutrition and NDVI were not unexpected. Although there are some 
examples of strong relationships between soil nutrition and NDVI, other studies have shown a 
relationship only over specific nutrient concentration [44,45]. Further, soil analysis only informs us 
about the nutrient supply, but provides little information about nutrient demand and /or uptake by 
a tree [20]. Although soil nutrition is one important factor affecting tree nutrition, soil characteristics, 
plant physiology, environment, and biotic stressors all can influence nutrient uptake [20,46]. This was 
evident in our study as the soil nutrition was not strongly correlated with tissue nutrition. A similar 
weak relationship between soil and tissue nutrition in balsam fir was observed in a previous study 
[9]. 

There were considerably stronger relationships between tissue nutrition and NDVI in balsam 
fir. Tissue N, P, and K in autumn had significant relationships with NDVI (R2 = 20-30%), though only 
N also had a significant relationship in the spring. Most other tissue nutrients had no relationship 
with NDVI except for Zn, which was stronger in spring. These results align with several previous 
studies that found the strong relationships between tissue N and NDVI, with R2 ranging from 0.53 – 
0.88 using a UAV [26–31]. These studies notably focused more on hardwood or mixed forests, as 
opposed to directly studying balsam fir. A study did link tissue N to NDVI in balsam fir using a 
handheld sensor [47], but their R2 = 0.66 was considerably higher the value from UAV in our current 
study. Further, previous studies often described strong relationships with tissue P, though 
relationships with other nutrients were weaker [26–31]. Our study didn’t find consistently strong 
relationships with any other nutrients in balsam fir when all sampled trees were included.  

The relationship between tissue N and NDVI was notably stronger in trees greater than 5 years 
old, which supports one of the hypotheses in this study. Burns et al. [38] noted that NDVI became a 
stronger predictor throughout the life cycle of a plant. Balsam fir orchards are typically managed on 
a 10-year rotation, so this study identified those less than 5 years old as younger trees and older than 
5 years old as mature trees. The exact reason for a weak relationship between tissue N and NDVI in 
younger balsam fir is not known. It could simply be due to younger trees having a lower nutritional 
demand. Most studies have indicated that nutrient deficiency is more of a concern after canopy closer 
in more mature trees [48–50]. Such nutrient demand is supported by the fact that N fertilization rates 
in Christmas trees increase 3-fold within the first 5 years and 10-fold in the final year as compared to 
second year fertilization [14]. In many cases Christmas trees are not fertilized at all in the first year 
[11,14]. Another possibility is that auxin concentrations are typically higher in younger tissues and 
help those tissues resist senescence [51,52]. Perhaps younger trees resist symptoms of nutrient 
deficiency and differences could not be easily identified by NDVI. 

Tissue N was lower in this study than would typically be expected in commercial production, 
apart from autumn concentrations on Site 1. Typical tissue concentrations of N for normal growth 
and function are between 1.4% and 1.6%, though it can be higher to maintain desired color [7]. The 
average tissue N was 1.1 - 1.3%, though Site 1 had a concentration of 1.75%. Therefore, many trees 
were below optimum N concentrations. Tissue N in balsam fir is partially dependent on time of the 
year [9]. Nova Scotian balsam fir had 1.1% tissue N in spring versus 1.7% in early autumn [9]. Our 
study follows this same trend of high tissue N in autumn. Low tissue N in our study is probably due 
to Sites 2 and 3 not being used for commercial production. Those orchards are research and breeding 
orchards. Site 1 was a commercial orchard and had higher N concentrations, but the trees were earlier 
in their rotation and not ready for harvest. Producers typically fertilize at very high rates later in 
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rotation to ensure a deep green color of their product but fertilize at considerably lower rates early in 
rotation [14]. 

The biggest challenge interpreting NDVI maps was found in shadows cast by the trees. Our 
method cut away trees from shadows on the map to isolate NDVI values, which was more time 
intensive and could limit applicability of this procedure to commercial operation. Timing drone 
flights when sun is directly overhead and/or on days expected to have high cloud cover would greatly 
reduce complications caused by shadows. 

In conclusion, research hypotheses from this study were not rejected. There was a significant 
relationship between select foliar nutrition and NDVI, which differed based on tree age. The strongest 
relationship was found with tissue N. Mapping NDVI has potential to be a useful predictive tool to 
estimate tissue N in more mature balsam fir trees (> 5 years old), but any predictive power will be 
decreased for younger orchards or mixed age stands. Future research should also consider the 
exploration of carotenoid reflectance indices (CRI), such as the photochemical reflectance index (PRI) 
and chlorophyll/carotenoid index (CCI), which have been effective in monitoring photosynthetic 
phenology in both evergreen and mixed deciduous forests [53]. Research conducted by [54] indicated 
that CCI closely aligns with the seasonal patterns of daily gross primary productivity in evergreen 
conifer stands. This suggests that evaluating the NDVI against the CCI may reveal whether the latter 
provides superior predictive capabilities with reduced seasonal variability. It is recommended that 
this study be extended to include a higher number of balsam fir stands to further explore the 
predictive power of NDVI for balsam, including stands outside of NS, and to potentially incorporate 
Carotenoid-based indices into future research. Further exploration into this relationship may 
contribute to improved fertilization practices in the industry. 

4. Materials and Methods 

4.1. Site Description 

Two balsam fir orchards were chosen to collect samples in autumn. Site 1 was located on 
Belmont Road, Belmont, NS (45.434°N, 63.383°W) and Site 2 was located on College Road, Bible Hill, 
NS (45.374°N, 63.239°W) (Figure 4). A total of 45 trees were randomly selected from the two sites, 
with 20 trees younger than 5 years old and 25 trees older than 5 years old. Trees were selected from 
an orchard population identified in Figure 4b,c, excluding those with excessive defoliation from biotic 
stress. Sampled trees were tagged physically and with global navigation satellite system (GNSS) 
coordinates. 

A second round of sampling was conducted in spring prior to any fertilization. The second 
round of sampling used Sites 1 and 2 again but included a third orchard (Site 3). Inclusion of Site 3 
allowed for more total samples that were still adequately spaced apart. Site 3 was also located on 
College Road (45.373°N, 63.238°W). A total of 70 trees were randomly sampled in spring, with 25 
younger than 5 years old and 45 older than 5 years old. Sampled trees were tagged physically and 
with GNSS coordinates, as was done previously in autumn. 

4.2. Nutrient Analysis 

Sampling was conducted on December 6, 2021, and again June 1, 2022. Six soil samples were 
collected from around the dripline of each tree and homogenized into a single representative sample. 
Soil was oven dried, ground with mortar and pestle, and sieved through a 2 mm stainless steel sieve. 
The Mehlich 3 soil extractant was used to obtain the plant available nutrients in the soil. 
Approximately 10 g of moist soil was placed in a plastic container with 100 mL of Mehlich 3 and 
shaken for 15 minutes at 200 oscillations per minute. The supernatant was filtered through Whitman 
No. 5 paper and analyzed using a Jarell-Ash Inductively Coupled Argon Plasma Emissions 
Spectrometer (ICAP). 

Two branches were cut from each tree at the most recent 2 years growth. Needles were removed 
from the branches, dried, and then ground through a 1 mm steel screen. One gram needle tissue was 
placed in a 250 mL digestion tube with 15 mL of nitric acid. Samples were placed on a digestion block 
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at 90°C for 45 minutes and then the temperature was increased to 140°C until it was clear and 
approximately 1 mL was remaining. Nitric acid (1%) was added, the samples were filtered, then put 
into a volumetric flask. Total N was measured using a LECO model FP 528 analyzer. Analysis of P, 
K, Ca, Mg, S, Fe, Zn, Mn, B, and Cu was conducted with inductively coupled plasma atomic emission 
spectroscopy (ICP-OES). 

 
(a) 

  
(b) (c) 

Figure 4. (a) Satellite image of sample site locations on Belmont Road (Site 1) and College Road (Sites 
2 and 3) in Nova Scotia., Canada; (b) orthomosaic image of site 1 taken by UAV; (c) orthomosaic image 
of sites 2 and 3 taken by UAV. Figure 4b,c were taken December 7, 2021. The white polygons indicate 
specific balsam fir orchards that were used for random sampling in Figure 4b,c. 

4.3. Aerial Image Acquisition and Equipment 

Aerial images were captured over each Christmas tree field using a DJI M300 RTK drone (SZ DJI 
Technology Co., Ltd., Shenzhen, China). Flights were taken shortly after soil and tissue samples were 
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obtained. The drone was equipped with a Micasense Altum multispectral camera (MicaSense, Inc., 
Seattle, WA, USA) capable of recording imagery across five distinct spectral ranges. The spectral 
bands encompassed blue (Band 1-459-491 nm), green (Band 2 - 546-573 nm), red (Band 3-661–675 nm), 
red-edge (Band 4-710–723 nm), and near-infrared (Band 5-813–870 nm) [55]. 

Utilizing the DJI Pilot app (SZ DJI Technology Co., Ltd., Shenzhen, China), the surveys were 
systematically planned and executed at an altitude of 90 meters above ground level (AGL). The flight 
parameters were established to ensure a 75% overlap in both forward and lateral directions. The 
camera was set at nadir (90°) orientation, and the flight path was configured as a single grid.  

A D-RTK2 base station (SZ DJI Technology Co., Ltd., Shenzhen, China) was deployed during 
the surveys to minimize the positional inaccuracies in the acquired images. Ground control points 
(GCPs) were also placed evenly across the survey areas to enhance post-processing accuracy. Nine 
and six GCPs were implemented across Sites 1 and 2, respectively. The coordinates of these GCPs 
were precisely recorded with an Emlid Reach RS2 multi-frequency GNSS receiver (Emlid Inc., Hong 
Kong, China) set in survey mode and connected to a networked transport of RTCM via internet 
protocol (NTRIP) correction service. 

4.4. Image Processing 

The collected multispectral images underwent a processing sequence in Agisoft PhotoScan 2.0.2 
(Agisoft LLC Inc., St. Petersburg, Russia) to yield an orthomosaic representation of the study areas. 
The Altum camera was calibrated using a calibrated reflectance panel (CPR) to compensate for 
incident light conditions. The CPR calibration is vital for maintaining the precision of the subsequent 
image analysis and comparing values between two surveys as it assigns a definitive reflectance value 
during the corrections process. The surface values of the CPR were predetermined with a 
spectrometer at several wavelengths and provided by MicaSense [55]. Images of the CPR were taken 
before and after each flight, and the reflectance was calibrated in the processing stages in Agisoft [56]. 

The percent clip stretch type was selected during image interpretation to help visualize the 
orthomosaic and distinguish ground features from Christmas trees. This stretch function enhanced 
the orthomosaic by applying a linear stretch between the highest and lowest pixel values, translating 
into a more precise Christmas tree representation. The orthomosaic was then purged of elements 
beyond the study areas to augment the classification accuracy and minimize extraneous noise. This 
process is considered necessary as features such as houses, roads, and cars often constitute unwanted 
pixel values and pose challenges during the optimization parameters of the image classification [57]. 

Subsequently, a supervised image classification was performed using the support vector 
machine (SVM) classifier. This technique facilitated the classification of pixels with similar values 
within the multispectral orthomosaic. The SVM classifier was selected due to its low sample 
requirement and robustness against noise and correlated bands [57,58]. Training samples were 
collected and managed using the Training Samples Manager in ArcGIS Pro, classifying images into 
four categories: Christmas Tree, Shadows, Bare ground, and Grass. Fifty samples per class were 
collected to train the classifier, resulting in 200 training samples for each study site. 

4.5. Normalized Difference Vegetation Index 

The NDVI is a standardized index utilized to generate an image quantifying vegetation 
greenness. The NDVI index leverages the contrast between the characteristics and chlorophyll 
pigment absorption of the red and near-infrared bands [32]. The following formula was used to 
compute the NDVI, utilizing the Band 3 and Band 4 of the Altum multispectral camera: 𝑁𝐷𝑉𝐼 = (𝑁𝐼𝑅 − 𝑅𝑒𝑑)𝑁𝐼𝑅 + 𝑅𝑒𝑑)  (1) 

Areas with low NDVI values corresponded to areas with sparse or no vegetation, such as rock 
or bare soil. Moderate values indicate shrubs and grassland, while high values denote forested areas 
and lush vegetation [59,60]. 

Following the creation of the NDVI maps, all features classified as Christmas trees from the 
classified raster were extracted and overlayed on the NDVI maps, which allowed the extraction of 
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NDVI pixel values for each Christmas tree. Using the zonal statistics tool in ArcGIS Pro, the mean 
pixel values within each Christmas Tree polygon were calculated. This allowed the computation of 
the mean pixel value for each Christmas Tree, which was then used to compare NDVI values from 
one tree to another. 

4.6. Statistical Analysis 

All statistical analysis was completed using Minitab 21.4 software (Minitab, LLC, Penn State 
University, PA, USA). Soil and tissue nutrition were compared between sites using an analysis of 
variance. Site was the explanatory variable and nutrients were the response variables. Correlation 
analysis was used to identify relationships between soil and tissue nutrition and balsam fir NDVI. 
Balsam trees were classified as younger than 5 years and older than 5 years and then correlation 
analysis was repeated. The strongest relationships, tissue N and NDVI, were submitted to a linear 
regression analysis for overall sample population, trees > 5 years old, and trees < 5 years old. 
Statistical assumptions of normal distribution, homogeneity, and independence were verified for 
each analysis. 
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