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Assessing Nutritional Status in Super-High-Density Olive Orchards: 

Integrating Diagnostic Models and NDVI-Based Remote Sensing 

  

Abstract 1 

Super-high-density (SHD) olive production systems necessitate precise nutritional diagnostics to 2 

ensure sustained productivity, particularly under the restrictive nutrient availability conditions 3 

typical of calcareous soils. This research evaluated nutrient imbalance patterns and their 4 

correlation with yield and NDVI-derived canopy vigor across two olive cultivars (Olea europaea 5 

L. ‘Arbequina’ and ‘Koroneiki’) within SHD orchards in the Tarom region of Iran. Leaf nutrient 6 

composition was appraised using three distinct diagnostic frameworks: The Diagnosis and 7 

Recommendation Integrated System (DRIS), the Deviation from Optimum Percentage (DOP), and 8 

Compositional Nutrient Diagnosis (CND), employing high-yielding orchards as the reference 9 

population to establish nutritional norms. To correlate canopy-scale physiological status with foliar 10 

nutrient data, the Normalized Difference Vegetation Index (NDVI) was derived from Sentinel-2 11 

satellite imagery. The analysis revealed consistent nutritional dysfunctions in low-productivity 12 

orchards across all three diagnostic approaches. Phosphorus (P) and potassium (K) emerged as the 13 

primary limiting macronutrients, while deficiencies in zinc (Zn), copper (Cu), and boron (B) 14 

represented the most significant micronutrient constraints, largely influenced by high soil pH and 15 

calcium carbonate content. Nutritional balance indices, namely NBI, ΣDOP, and CND-r², 16 

exhibited inverse relationships with both fruit yield and NDVI, indicating that increasing 17 

nutritional deviation significantly impairs both canopy development and economic output. 18 

Ultimately, the synergy between leaf-based nutrient diagnosis and remote sensing facilitates more 19 

precise monitoring and identification of nutritional constraints, thereby enabling optimized 20 

nutrient management in SHD olive systems. 21 

Keywords: CND, DRIS, NDVI, Nutrient management, Olive nutrition, Remote sensing, SHD 22 

orchards 23 

 24 

1. Introduction  25 
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The olive tree (Olea europaea L.) is one of the most important perennial crops in Mediterranean 26 

and semi-arid agroecosystems, where it plays a crucial role in rural economies and sustainable 27 

agricultural development. Olive oil is widely recognized as a functional food due to its high content 28 

of monounsaturated fatty acids, phenolic compounds, and antioxidant molecules that contribute to 29 

human health1. To meet rising global demand, cultivation has shifted from traditional methods 30 

toward high-density (HD) and super-high-density (SHD) intensive hedgerow systems, which 31 

enhance mechanization and accelerate yield2. However, these intensive systems intensify 32 

competition for light, water, and nutrients, affecting canopy architecture and physiological 33 

performance3. Consequently, inadequate management often prevents these orchards from reaching 34 

their potential, with an estimated 70% of SHD orchards producing yields below their genetic 35 

capacity4. 36 

Among the factors influencing productivity in intensive orchards, plant nutrition represents one of 37 

the most critical determinants of tree growth, fruit development, and oil yield. High tree density 38 

increases the demand for essential macronutrients such as nitrogen and potassium while 39 

simultaneously altering the balance of micronutrients within plant tissues5. When nutrient supply 40 

is not properly adjusted to these increased physiological demands, nutrient imbalances may occur, 41 

leading to reduced photosynthetic activity, impaired reproductive development, and significant 42 

yield losses. In extreme cases, nutritional disorders may reduce orchard productivity by 60–70%6, 43 
7.  44 

Reliable diagnosis of plant nutritional status is essential for developing effective fertilization 45 

strategies. Although soil analysis provides useful information about nutrient availability, leaf tissue 46 

analysis remains the most accurate indicator of the actual nutritional condition of the plant8. 47 

Traditional interpretation methods based on critical concentration ranges often fail to account for 48 

the complex interactions among nutrients within plant tissues. To overcome these limitations, 49 

several multivariate diagnostic approaches have been developed, including the Diagnosis and 50 

Recommendation Integrated System (DRIS), Deviation from Optimum Percentage (DOP), and 51 

Compositional Nutrient Diagnosis (CND) 9. Among these methods, CND has received increasing 52 

attention because it considers nutrient concentrations as compositional data and evaluates the 53 

relationship between each element and the geometric mean of the entire nutrient system10. This 54 
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statistical framework allows a more comprehensive assessment of nutrient balance and facilitates 55 

the detection of both deficiencies and excesses that may not be evident through conventional 56 

analysis11. 57 

In Mediterranean olive-growing regions, B and Zn deficiencies have been identified as major 58 

limiting factors for olive productivity. Similar nutritional constraints have been reported in various 59 

horticultural crops in Iran, where elevated nutrient imbalance indices have been associated with 60 

reduced yields. At the same time, advances in precision agriculture have introduced new 61 

opportunities for integrating plant nutrition diagnostics with remote sensing technologies12. These 62 

advancements highlight the need to assess how conventional nutrient diagnostic frameworks 63 

perform under different agro-ecological contexts, particularly in modern high-density olive 64 

systems. 65 

This research addresses a critical knowledge gap by focusing on the Tarom region of Iran—a 66 

representative area characterized by calcareous soils, semi-arid conditions, and saline irrigation—67 

where the cultivation of intensive cultivars, such as ‘Arbequina’ and ‘Koroneiki’, is rapidly 68 

expanding. Despite this expansion, comprehensive studies integrating multivariate nutrient 69 

diagnosis with remote sensing indicators remain limited in such distinct agro-climatic settings. To 70 

bridge this gap, the novelty of this study lies in implementing a multi-methodological diagnostic 71 

approach that integrates DRIS, DOP, and CND to enhance the reliability of nutritional evaluations. 72 

Furthermore, this work serves as an exploratory pilot to investigate the potential of Sentinel-2 73 

derived NDVI as an auxiliary tool, aiming to establish an empirical link between canopy 74 

reflectance and leaf nutrient profiles. We hypothesize that: (H1) lower-yielding orchards will 75 

exhibit significantly higher nutrient imbalance indices than high-yielding ones; (H2) the three 76 

diagnostic methods will yield broadly consistent nutrient limitation profiles; and (H3) NDVI will 77 

show a significant negative correlation with nutrient imbalance indices. Ultimately, this study aims 78 

to evaluate the nutritional balance of these cultivars, identify key macro- and micronutrient 79 

limitations affecting regional olive productivity, and investigate the relationship between leaf 80 

nutrient indices and NDVI-derived canopy vigor to provide a robust scientific basis for optimizing 81 

fertilization management in intensive olive orchards. 82 

 83 
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2. Methodology 84 

2.1. Description of study area 85 

The super-intensive olive orchards examined in this study are located in the Tarom region of 86 

Qazvin Province in northwestern Iran, positioned near 36°44′ N latitude and 49°23′ E longitude 87 

(Fig. 1). The orchard consists of several separate planting blocks laid out across gently sloping 88 

alluvial ground, where small variations in elevation and surface texture create a naturally diverse 89 

field pattern. Olive trees are spaced 4.0 × 1.8 m apart and trained in a hedgerow configuration, a 90 

system widely adopted in high-density plantations to improve light interception and facilitate 91 

mechanical and manual management operations. The climate of the area reflects the characteristics 92 

of a Mediterranean regime, with an annual mean temperature of about 15 °C and roughly 450 mm 93 

of precipitation, most of which occurs during the colder months of the year13. The soils supporting 94 

the orchard are classified primarily as Inceptisols with Calcaric properties, developed on alluvial–95 

colluvial deposits typical of semi-arid foothill environments in this part of Iran. Management 96 

practices in the orchard involve shallow tillage performed twice a year and the use of regulated 97 

drip irrigation throughout the active growing season. Pruning is carried out in February, and the 98 

removed branches are shredded and incorporated into the soil to help increase organic matter inputs 99 

and maintain soil quality. Continuous monitoring and pest-control measures are also implemented 100 

to preserve tree health and ensure that canopy appearance and physiological condition remain 101 

unaffected by biotic stress (https://www.swri.ir). 102 
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Fig. 1. Geographic location of the study area within the Tarom region (c), Qazvin Province (b), and Iran (a). 

 103 

2.2. Soil and irrigation water sampling and analytical procedures 104 
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Soil and irrigation water sampling was conducted in SHD olive orchards in the Tarom region. The 105 

sampling included nine orchards of the Koroneiki cultivar (orchards 1, 2, 3, 8, 9, 10, 21, 22, and 106 

23) and twenty-four orchards of the Arbequina cultivar (Fig. 1a). All collected samples were 107 

transported to the laboratory for the determination of their physicochemical properties. Soil 108 

analyses included the measurement of soil organic matter (OM) using the Walkley–Black 109 

method14, assessment of pH15 and electrical conductivity (EC)16 in the saturated paste extract, 110 

determination of particle-size distribution (sand, silt, and clay contents) by the hydrometer 111 

method17, and quantification of sodium adsorption ratio (SAR), calcium carbonate (CCE), and 112 

gypsum (CaSO4) using established analytical procedures18. Irrigation water samples from all 113 

orchards were also analyzed, and parameters including pH, EC, SAR, total dissolved solids (TDS), 114 

sulfate (SO₄²⁻), potassium (K+), sodium (Na+), chloride (Cl+), combined calcium and magnesium 115 

(Ca + Mg), carbonate (CO₃²⁻), and bicarbonate (HCO₃⁻) were determined using standard laboratory 116 

methods19. 117 

2.3. Leaf sampling and plant nutrient analysis 118 

Leaf sampling was conducted in mid-summer (15 July 2025) across thirty-three super-high-density 119 

(SHD) olive orchards. To ensure the results were representative of the regional soil types and 120 

management practices, orchards were selected using a random sampling approach. The study 121 

focused on seven-year-old trees of two olive cultivars: Olea europaea L. ‘Koroneiki’ and Olea 122 

europaea L. ‘Arbequina’. From five trees per orchard, a composite sample comprising 20 healthy, 123 

fully expanded leaves was collected. These leaves were harvested from the middle portion of the 124 

current season’s shoots, as this tissue is widely recognized as the most reliable indicator for 125 

evaluating the nutritional status of olive trees. To minimize bias, trees exhibiting symptoms of 126 

pests, diseases, frost damage, or severe water stress were excluded from the study 127 

After collection, the leaf samples were transferred to the laboratory, carefully washed with 128 

deionized water to remove dust and any external contaminants, and subsequently dried in a 129 

forced-air oven at 70 °C for 72 hours until constant weight was obtained. The dried samples were 130 

then ground using a laboratory mill to obtain a uniform powder suitable for chemical analysis.  131 

Fruit yield was determined at harvest (25 November 2025). The total weight of olives harvested 132 
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from each sampled tree was recorded as the yield per tree, serving as a quantitative indicator of 133 

orchard productivity for correlation with nutritional status. To convert tree-level yield to a standard 134 

area-based metric (t ha⁻¹), the yield per tree was multiplied by the planting density. 135 

The concentrations of essential macro- and micronutrients in the leaf samples were determined 136 

using established analytical procedures. Total nitrogen (N) was measured using the Kjeldahl 137 

method following wet digestion of plant tissue with concentrated sulfuric acid, after which the 138 

released nitrogen (N) was distilled and quantified20. Phosphorus (P) concentration was determined 139 

spectrophotometrically after dry ashing of the plant material and subsequent color development 140 

using the ammonium molybdate–vanadate method21. Potassium (K) was quantified by flame 141 

photometry using extracts obtained from the ashed plant material22. Calcium (Ca) and magnesium 142 

(Mg) concentrations were determined following tissue digestion using atomic absorption 143 

spectroscopy or ethylenediaminetetraacetic acid titration procedures23. Micronutrients including 144 

iron (Fe), zinc (Zn), copper (Cu), manganese (Mn), and boron (B) were determined after dry ashing 145 

of the samples, and their concentrations were measured using atomic absorption spectroscopy or 146 

appropriate spectrophotometric methods according to standard plant analysis protocols24.  147 

2.4. Nutrient diagnostic methods 148 

2.4.1. Diagnosis and Recommendation Integrated System (DRIS) 149 

The DRIS analysis involved classifying orchards into high- and low-yielding groups based on the 150 

mean yield and its standard deviation, following Sharma et al. 25. DRIS norms were subsequently 151 

established according to the procedure of Walworth et al. 26. For nutrients A through N, DRIS 152 

indices were computed as (Eq. 1): 153 

A index = [݂ (ܤܣ) + ݂ (ܥܣ) + ݂ (ܦܣ) ⋯ + ݂ ݖ[(ܣܰ)  

 

(1) B index = [−݂ (ܤܣ) + ݂ (ܥܤ) + ݂ (ܦܤ) ⋯ + ݂ ݖ[(ܤܰ)  

 C index = [−݂ (ܥܣ) − ݂ (ܥܤ) + ݂ (ܦܥ) ⋯ + ݂ ݖ[(ܥܰ)  
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⋮ 
where, z denotes the number of ratios contributing to each index. 154 

The functional terms were calculated following Beaufils27 (Eq. 2): 155 

if AB > ab                      ݂ (ܤܣ) = ( ܤܾܽܣ − 1) ∙ ܸܥ1000  

(2) if AB < ab                        ݂ (ܤܣ) = (1 − ܤܣܾܽ ) ∙ ܸܥ1000  

if AB = ab                                                    ݂ (ܤܣ) = 0 

where, A/B is the observed nutrient ratio, a/b is the corresponding DRIS norm, and CV is the 156 

coefficient of variation of the reference population. 157 

The DRIS Nutrient Balance Index (NBI) was calculated as (Eq. 3): 158 

2.4.2. Deviation from optimum percentage (DOP) 159 

The DOP index quantifies the relative difference between the measured concentration of a nutrient 160 

in plant tissue and its corresponding optimal reference value. This index is calculated as follows 161 

(Eq. 4): 162 

where, C represents the concentration of the nutrient measured in the plant sample, and Cref 163 

denotes the optimal or reference concentration for that nutrient in leaf tissue. 164 

The overall nutrient imbalance can be evaluated using the DOP nutrient balance index (ΣDOP), 165 

which is obtained by summing the absolute values of the individual nutrient indices without 166 

considering their algebraic signs (Eq. 5): 167 

(3) NBI = |஺ܫ|  + |஻ܫ| + |஼ܫ| + ⋯ +  |ேܫ|

(4) DOP = [(C×100)/Cref] -100 
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ΣDOP = |஺ܫ|  + |஻ܫ| + |஼ܫ| +  ⋯ +  ே| (5)ܫ|

A higher ΣDOP value indicates a greater deviation from the optimal nutritional balance. 168 

2.4.3. Compositional Nutrient Diagnosis (CND) 169 

The CND approach was introduced by Parent and Dafir28. This method treats plant nutrient 170 

composition as a multivariate system in which the sum of all nutrient concentrations equals a 171 

constant value. In this framework, the total nutrient concentration in plant tissue is assumed to be 172 

100%, while the remaining portion is represented by a residual component denoted as Rd. The 173 

number of nutrients included in the analysis is represented by d. 174 

The compositional structure of plant nutrients can therefore be expressed as (Eq. 6): 175 100ܵௗ = … ‚ܭ ‚ܲ ‚ܰ)]  . ܴௗ) ܰ > 0‚ ܲ > ܭ ‚ܱ > 0 ‚ … . ܴௗ > 0]  ܰ + ܲ + ܭ + ⋯ + ܴௗ = 1 (6) 

The residual component is calculated as (Eq. 7): 176 ܴௗ = 100 − (ܰ + ܲ + ܭ … ) (7) 

To separate orchards into high-yielding and low-yielding groups, observations are first ranked 177 

according to yield values29. Subsequently, the geometric mean of nutrient concentrations is 178 

calculated (Eq. 8): 179 

ܩ = ‚ܭ ‚ܲ ‚ܰ]  … ܴௗ] 1೏+1                                                                                                                             (8) 

Next, centered log ratios are obtained by comparing each nutrient concentration with the geometric 180 

mean (Eq. 8): 181 

ேܸ = ln (ேீ), ௉ܸ = ln (௉ீ), ேܸ = ln (௄ீ), ……. ேܸ = ln (ோ೏ீ)                                                                                 (9) 

The sum of all logarithmic ratios must equal zero, confirming the correctness of the compositional 182 

transformation (Eqs. 10-11): 183 
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ேܸ +  ௉ܸ +  ௄ܸ + ⋯ + ோܸ೏ = 0                                                                                                                            (10) 

 

 

(11) 

The cumulative variance ratio function (Fic(Vx)) is then determined for each nutrient variable. 184 

The relationship between Fic(Vx) and yield is described using a third-order polynomial model. 185 

The mean inflection point of these curves, calculated as (−b/3a), represents the midpoint separating 186 

low- and high-yielding populations and helps identify the optimal nutrient balance associated with 187 

maximum yield. 188 

For nutrient balance assessment, CND indices are calculated by standardizing each logarithmic 189 

ratio relative to its corresponding reference norm. For instance, the indices for N, P, K, and the 190 

residual component (Rd) are determined as (Eq. 12): 191 

ேܫ =  ேܸ − ேܸ∗ܵܦோௗ∗  

(12) 

௉ܫ =  ௉ܸ − ௉ܸ∗ܵܦோௗ∗  

௄ܫ =  ௄ܸ − ௄ܸ∗ܵܦோௗ∗  

,…, 

ோௗܫ =  ோܸௗ − ோܸௗ∗ܵܦோௗ∗  

where, V* represents the mean value of the logarithmic ratios obtained from the reference 192 

population, and SD* indicates their corresponding standard deviations. 193 

The nutrient balance index is finally computed as the sum of the squared nutrient indices (Eq. 13): 194 



12 
 
 

r2 = I2
N + I2

P + I2
K + …. + I2

Rd                                                                                                                            (13) 

where, values of r² closer to zero indicate a more balanced nutrient composition within plant 195 

tissues. 196 

2.5. NDVI data set 197 

To assess vegetation vigor in the study areas, satellite remote sensing techniques were employed. 198 

In this study, multispectral images from the Sentinel-2 satellite of the Copernicus program 199 

(European Space Agency) were used. Sentinel-2 provides high spatial resolution imagery (10–20 200 

m) with several spectral bands in the visible and near-infrared regions, making it suitable for 201 

monitoring vegetation conditions and agricultural landscapes. Vegetation greenness was 202 

quantified using the normalized difference vegetation index (NDVI), one of the most widely used 203 

spectral indices in remote sensing for evaluating vegetation density and health. NDVI is calculated 204 

based on the contrast between the strong absorption of red light by chlorophyll and the high 205 

reflectance of near-infrared radiation by plant canopies. The NDVI was calculated using the 206 

following equation (Eq. 14): 207 

ܫܸܦܯ = ܴܫܰ) − ܴܫܰ)/(ܴ݀݁ + ܴ݁݀) (14) 

where, NIR represents the reflectance in the near-infrared band and Red represents the reflectance 208 

in the red band of the electromagnetic spectrum. NDVI values typically range from −1 to +1, where 209 

higher positive values indicate dense and healthy vegetation, while values close to zero or negative 210 

represent non-vegetated surfaces such as bare soil, water bodies, or built-up areas30. 211 

In this study, Sentinel-2 imagery corresponding to the crop growing period was processed using 212 

the Google Earth Engine (https://code.earthengine.google.com/) platform. Cloud-affected pixels 213 

were filtered to ensure image quality, and NDVI maps were generated for the study area. The 214 

resulting NDVI layers were then exported and further processed in ENVI 5.8 to extract NDVI 215 

values for the sampling locations and to prepare the final spatial datasets used in subsequent 216 

analyses.  217 
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2.6. Statistical analyses 218 

Correlations among nutrient concentrations, physiological indices (DOP, DRIS, CND, and NBI), 219 

and crop yield with NDVI were analyzed using the corrplot package in R (version 4.2.2). 220 

3. Results 221 

3.1. Soil physicochemical properties 222 

Fig. 2 and Table 1 together describe the distribution and quantitative behavior of the major soil 223 

physicochemical properties observed under the SHD olive cultivation system. Soil pH exhibited a 224 

relatively narrow numerical range (7.4–8.1), with a mean and median of 7.7 and a standard 225 

deviation (SD) of 0.18, indicating limited dispersion around moderately alkaline conditions. EC 226 

demonstrated broader variability, ranging from 1.12 to 3.36 dS m⁻¹ (mean = 2.25; SD = 0.64), as 227 

reflected in an interquartile interval extending from 1.89 to 2.76 dS m⁻¹. The SAR showed the 228 

widest spread among the chemical indicators, with values between 5.40 and 12.6 (mean = 9.58; 229 

SD = 2.07) and quartiles spanning 7.80–11.2, highlighting considerable heterogeneity in sodicity-230 

related conditions. The CCE content ranged from 7.0% to 14.0%, with a mean of 10.4% and an 231 

interquartile range of 9.0–11.5%, while CaSO4 concentrations varied from 0.32% to 1.70% (mean 232 

= 0.68%; SD = 0.35), clustering primarily within the 0.42–0.76% interval but with a few higher 233 

observations expanding the overall distribution. 234 

OM levels were consistently low throughout the study area, ranging from 0.11% to 0.61% (mean 235 

= 0.312%; SD = 0.11), with quartile boundaries of 0.21% and 0.40%, indicating uneven spatial 236 

distribution. Textural data revealed that soils were predominantly sandy, with sand content ranging 237 

from 55% to 88% (mean = 75%; SD = 9.04), accompanied by comparatively lower proportions of 238 

silt (6–31%; mean = 16%; SD = 6.17) and clay (2–18%; mean = 8%; SD = 4.02). The respective 239 

interquartile ranges for sand (70–80%), silt (12–20%), and clay (6–10%) reflect measurable spatial 240 

variation in particle-size distribution across sampling locations. Collectively, the statistical 241 

distribution patterns depicted in Fig. 2 and Table 1 illustrate substantial variability across salinity 242 

indicators (EC, SAR), CCE and gypsum contents, OM levels, and textural fractions. These data 243 

characterize a heterogeneous soil environment within the SHD olive system, with notable 244 

differences in chemical and physical properties across the sampled sites. 245 
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Fig. 2. Box plots illustrating key soil physicochemical properties, including pH, elect EC (dS/m), SAR, 

CCE (%), CaSO₄ (%), OM (%), and soil texture. 

 246 
Table 1. Descriptive statistics of soil properties under olive SHD system cultivation. 

Statistic pH EC (ds/m) SAR CaSO4 (%) CCE (%) OM (%) Sand % Silt % Clay % 

Minimum 7.4 1.12 5.40 0.32 7.0 0.11 55 6 2 

Maximum 8.1 3.36 12.6 1.70 14.0 0.61 88 31 18 

1st Quartile 7.6 1.89 7.80 0.42 9.0 0.21 70 12 6 
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Median 7.7 2.29 10.1 0.60 10.0 0.29 77 16 6 

3rd Quartile 7.8 2.76 11.2 0.76 11.5 0.40 80 20 10 

Mean 7.7 2.25 9.58 0.68 10.4 0.31 75 16 8 

Variance 0.03 0.42 4.32 0.12 3.11 0.01 81.7 38.1 16.2 

Standard deviation 0.18 0.64 2.07 0.35 1.76 0.11 9.04 6.17 4.02 

 247 

3.2. Characteristics of irrigation water  248 

Table 2 summarizes the measured chemical properties of the irrigation water used in the studied 249 

SHD olive orchards. The EC of the water was recorded at 4,960 µS cm-1, while TDS reached 3,174 250 

mg L-1. The measured pH value was 7.65. The concentrations of the principal cations and anions 251 

were also determined. Sodium concentration was 23.98 mg L-1, whereas the combined 252 

concentration of Ca and Mg reached 34.50 mg L-1. Chloride and sulfate were present at 33.88 mg 253 

L-1 and 23.0 mg L-1, respectively. Additional dissolved constituents included bicarbonate with a 254 

concentration of 1.40 mg L-1 and carbonate with a value of 0.34 mg L-1. The dataset also includes 255 

measurements of other ions and indices describing the ionic composition of the irrigation water. 256 

Potassium concentration was measured at 0.12 mg L-1. In addition, the SAR was calculated as 257 

5.77.  258 

Table 2. Physicochemical parameters of irrigation water in the investigated area. 

SAR TDS 4SO K Na Ca+Mg Cl 3HCO 3CO EC pH 

W
ater S

am
ple

 

(mg/L) (mEq/L ) (µS/m)  

5.77 3174 23.0 0.12 23.98 34.50 33.88 1.40 0.34 4960 7.65 

Fig. 3 illustrates the monthly variation of EC and pH in irrigation water during the year 2025. In 259 

Fig. 3a, EC values show monthly fluctuations over the monitoring period. The recorded EC values 260 

ranged approximately from 1.7 to 3.4 dS m-1. Lower EC values were observed during the early 261 

months of the year, followed by gradual changes during the spring months. Higher EC values 262 

appeared during the summer period, with the maximum level occurring around September. After 263 

this point, EC values slightly decreased but remained within a relatively elevated range toward the 264 

end of the year. Fig. 3b presents the monthly changes in pH of the irrigation water. The pH values 265 

varied within a relatively narrow range, approximately between 7.5 and 8.4 during the monitoring 266 

period. Monthly fluctuations were observed throughout the year, with lower values recorded in 267 
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some winter and early summer months, while relatively higher values appeared in mid-summer 268 

and again toward the end of the year.  269 

 

 

Fig. 3. EC (a) and pH (b) of irrigation water in the study area in 2025. 
 270 

3.3. DRIS, DOP, and CND methods 271 

3.3.1. Selection of High-Yielding Community and determination of norms  272 

Based on the procedure described by Sharma et al. 25, the average yield of the evaluated SHD olive 273 

orchards was calculated as 16.14 t ha⁻¹ and used as the reference value for separating the dataset 274 

into high- and low-yielding groups for the DRIS and DOP analyses. Using this method, the 275 

orchards were categorized into two productivity classes. Five orchards, representing 276 

approximately 15% of the total sampled population, were classified in the high-yield group, 277 

whereas the remaining twenty-eight orchards (about 85%) were assigned to the low-yield category. 278 

The mean yield values recorded for these groups were 17.3 t ha⁻¹ for the high-yield orchards and 279 
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12.4 t ha⁻¹ for the low-yield orchards (Table 3). 280 

The statistical characteristics of leaf nutrient concentrations for the two productivity groups are 281 

presented in Table 3, including mean values, SD, variance (S²), and coefficient of variation (CV). 282 

In the low-yield group, the average concentrations were 2.32% N, 0.16% P, 1.14% K, 2.09% Ca, 283 

and 0.14% Mg, while micronutrient concentrations were 0.035% Fe, 0.004% Mn, 0.002% Zn, 284 

0.001% Cu, and 0.020% B. In the high-yield orchards, the corresponding mean concentrations 285 

were 2.28% N, 0.18% P, 1.18% K, 2.23% Ca, and 0.13% Mg, with micronutrient levels of 0.035% 286 

Fe, approximately 0.004% Mn, 0.003% Zn, 0.002% Cu, and 0.023% B. The calculated coefficients 287 

of variation showed differences among nutrients and between yield groups, indicating variability 288 

in nutrient concentrations within the evaluated orchards. 289 

 290 
Table 3. Statistical parameters of high- and low-yielding groups derived using the DRIS and DOP 

approaches. 
Olive orchards Yield N% P% K% Ca% Mg% Fe% Mn% Zn% Cu% B% 

Low-
yielding 

Mean 12.4 2.32 0.16 1.14 2.09 0.14 0.035 0.004 0.002 0.001 0.020 

SD 2.53 0.09 0.03 0.12 0.21 0.02 0.02 0.00 0.00 0.00 0.01 

S 2 6.38 0.01 0.00 0.01 0.05 0.00 0.00 0.00 0.00 0.00 0.00 

CV 20.2 3.8 17.6 10.6 10.2 12.4 55.28 13.46 24.21 33.80 41.63 

High-
yielding 

Mean 17.3 2.28 0.18 1.18 2.23 0.13 0.035 0.004 0.003 0.002 0.023 

SD 1.01 0.13 0.02 0.11 0.50 0.01 0.02 0.00 0.00 0.00 0.01 
S 2 1.03 0.02 0.00 0.01 0.25 0.00 0.00 0.00 0.00 0.00 0.00 

CV 5.84 5.57 11.6 9.13 22.2 8.60 66.75 25.59 16.61 116.8 47.07 

Based on the comparison of variances between the low- and high-yielding groups, nutrient ratios 291 

with a higher SB/SA value were selected as DRIS norms, resulting in the identification of 45 ratios 292 

for the high-yielding orchards (Table 4). These ratios include combinations of macronutrients and 293 

micronutrients such as P/N, K/N, Ca/N, N/Mg, N/Fe, N/Mn, Zn/N, Cu/N, and B/N, as well as 294 

reciprocal and cross-element ratios. For each selected ratio, Table 4 reports the mean value and the 295 

corresponding CV, which varied widely depending on the nutrient pair. Ratios such as Cu/B, 296 

Cu/Ca, and Cu/Zn showed the highest CV values, whereas ratios like K/Mg, N/Mg, and K/N 297 

exhibited relatively low variability within the high-yielding group. All listed ratios constitute the 298 

DRIS norms used for subsequent diagnostic calculations. 299 

 300 
Table 4. Nutrient ratio DRIS norms and their CV in high-yielding orchards. 
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Norm Mean CV (%) Norm Mean CV (%) Norm Mean CV (%) 

P/N 0.08 6.98 Cu/P 0.01 109.44 Mg/Fe 5.47 65.45 

K/N 0.52 5.3 P/B 9.54 53.30 Mg/Mn 34.4 27.22 

Ca/N 0.99 28.82 Ca/K 1.93 29.5 Zn/Mg 0.02 19.55 

N/Mg 17.2 4.46 K/Mg 8.88 3.79 Cu/Mg 0.02 106.91 

N/Fe 94.8 65.11 K/Fe 48.2 63.08 B/Mg 0.176 46.66 

N/Mn 591.5 26.46 K/Mn 303.4 23.8 Fe/Mn 8.21 54.21 

Zn/N 0.00 19.23 Zn/K 0.00 20.76 Zn/Fe 0.11 57.22 

Cu/N 0.00 111.68 Cu/K 0.00 104.39 Cu/Fe 0.07 53.99 

B/N 0.01 47.67 K/B 62.5 56.7 B/Fe 1.13 106.65 

P/K 0.15 9.32 Ca/Mg 17.1 30.95 Zn/Mn 0.73 29.12 

Ca/P 12.7 37.9 Ca/Fe 94.2 65.95 Cu/Mn 0.53 86.93 

P/Mg 1.37 7.58 Ca/Mn 586.7 35.55 B/Mn 6.61 74.33 

P/Fe 7.6 67.84 Zn/Ca 0.00 18.87 Cu/Zn 0.92 121.22 

P/Mn 47.3 29.39 Cu/Ca 0.00 131.26 B/Zn 8.33 51.49 

Zn/P 0.02 23.74 B/Ca 0.01 44.85 Cu/B 0.17 159.13 

In addition to the DRIS norms, the mean nutrient concentrations of the high-yielding orchards 301 

were used to establish the DOP norms (Table 5). The average macronutrient concentrations were 302 

2.28% N, 0.18% P, 1.18% K, 2.23% Ca, and 0.13% Mg. The corresponding micronutrient 303 

concentrations included 351 ppm Fe, 41 ppm Mn, 28 ppm Zn, 24 ppm Cu, and 231 ppm B, 304 

representing the mean values calculated from the high-yielding population. These measurements 305 

form the DOP reference set and were used directly as the standard nutrient levels for the subsequent 306 

DOP-based nutrient diagnosis. 307 

Table 5. Mean nutrient concentrations in high-yielding olive trees used as DOP norms. 

Nutrient N % P % K % Ca % Mg % 
Fe 

(ppm) 
Mn 

(ppm) 
Zn 

(ppm) 
Cu 

(ppm) 
B (ppm) 

Norm 2.28 0.18 1.18 2.23 0.13 351 41 28 24 231 

 308 

As illustrated in Fig. 4, the relationship between Fic (VX) values and yield for each nutrient was 309 

modeled using third-degree polynomial functions, all of which showed a decreasing trend in 310 

Fic(VX) with increasing yield and exhibited strong coefficients of determination, generally above 311 

0.95 and within the overall range of 0.89 to 0.99. Building on the functions presented in Fig. 4, the 312 

corresponding yield turning points (−b/3a) calculated from these polynomial models are 313 

summarized in Table 6. The turning points varied among nutrients, with values of 16.26 for N, 314 
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15.03 for P, 16.11 for K, 15.23 for Ca, 16.23 for Mg, 13.33 for Fe, 10.36 for Mn, 17.17 for Zn, 315 

30.84 for Cu, and 13.85 for B. The reference diagnostic variable (Rd) showed a turning point of 316 

14.80, while its residual component (V*Rd) reached 6.53 with a standard deviation of 0.12, 317 

representing the highest positive value among the evaluated variables. Based on an intermediate 318 

yield threshold of 16.19 t ha⁻¹, orchards were grouped into two CND performance categories, with 319 

12% of orchards (four orchards) classified as high-yielding and 88% (twenty-nine orchards) as 320 

low-yielding. 321 

  

  

  

y = -0.3719x3 + 16.768x2 - 249.7x + 1231.5
R² = 0.9565

-20

20

60

100

140

0 5 10 15 20
F

ci
 (

V
x
)

Yield

P

y = -0.0629x3 + 3.0691x2 - 55.826x + 386.21
R² = 0.9599

0

40

80

120

0 5 10 15 20

F
ci

 (
V

x
)

Yield

N

y = -0.1769x3 + 8.081x2 - 126.6x + 695.24
R² = 0.9665

-20

20

60

100

140

0 5 10 15 20

F
ci

 (
V

x
)

Yield

Ca

y = -0.1722x3 + 8.3211x2 - 135.58x + 
751.84

R² = 0.9768

0

40

80

120

0 5 10 15 20

F
ci

 (
V

x
)

Yield

K

y = 0.172x3 - 6.8778x2 + 78.167x - 175.21
R² = 0.9773

0

40

80

120

0 5 10 15 20

F
ci

 (
V

x
)

Yield

Fe

y = -0.1384x3 + 6.7388x2 - 112.42x + 647.57
R² = 0.9606

-20

20

60

100

140

0 5 10 15 20

F
ci

 (
V

x
)

Yield

Mg



20 
 
 

  

  

 

Fig. 4. Cumulative variance ratio functions obtained from yield-driven analysis of macro- and 

micronutrient variables. 

 322 

Table 6. Yield turning points (−b/3a) used to identify the high-yielding group and establish CND norms. 

Nutrients  a b -b/3a V*x SD* R2 

N -0.0629 3.069 16.26 2.82 0.116 0.96 

P -0.3719 16.768 15.03 0.28 0.167 0.96 

K -0.1722 8.3211 16.11 2.16 0.083 0.98 

Ca -0.1769 8.081 15.23 2.77 0.295 0.97 

Mg -0.1384 6.7388 16.23 -0.03 0.082 0.96 

Fe 0.172 -6.8778 13.33 -1.34 0.490 0.98 
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Mn 0.1187 -3.6906 10.36 -3.44 0.121 0.89 

Zn -0.1193 6.1457 17.17 -3.87 0.188 0.98 

Cu 0.0035 -0.3238 30.84 -4.30 0.866 0.97 

B 0.297 -12.34 13.85 -2.02 0.432 0.99 

Rd -0.1771 7.863 14.80 6.53 0.126 0.96 

The nutrient norms used in the CND method were derived from the mean nutrient concentrations 323 

of orchards classified as high yielding, and the descriptive statistics for both productivity groups 324 

are presented in Table 7. In the high-yielding orchards, the average concentrations of 325 

macronutrients were 2.28% N, 0.18% P, 1.19% K, 2.23% Ca, and 0.13% Mg, whereas the 326 

corresponding values for the low-yielding orchards were 2.32% N, 0.16% P, 1.14% K, 2.10% Ca, 327 

and 0.14% Mg. With respect to micronutrients, the high-yielding group showed mean 328 

concentrations of 407.5 ppm Fe, 44.03 ppm Mn, 28.75 ppm Zn, 27.64 ppm Cu, and 0.02 ppm B. 329 

In comparison, the low-yielding orchards exhibited mean values of 341.9 ppm Fe, 43.06 ppm Mn, 330 

23.40 ppm Zn, 13.37 ppm Cu, and 0.02 ppm B. Yield performance also differed between the two 331 

groups, with an average of 17.65 t ha⁻¹ recorded for the high-yielding orchards and 12.57 t ha⁻¹ for 332 

the low-yielding orchards. These statistical characteristics provided the quantitative basis for 333 

establishing the CND norms applied in the subsequent nutrient diagnostic analysis. 334 

 335 
Table 7. Descriptive statistics of nutrient concentrations and yield for low- and high-yielding orchard 

groups obtained using the CND approach. 

Nutrients (%) Low-yielding groups High -yielding groups 

Mean  SD  CV (%) Mean  SD  CV (%) 

N 2.32 0.09 3.79 2.28 0.15 6.43 

P 0.16 0.03 17.48 0.18 0.02 13.48 

K 1.14 0.12 10.48 1.19 0.12 10.35 

Ca 2.10 0.21 10.12 2.23 0.58 25.74 

Mg 0.14 0.02 12.31 0.13 0.01 9.92 

Fe 341.9 194.4 56.86 407.5 227.3 55.79 

Mn 43.06 6.55 15.21 44.03 8.14 18.48 

Zn 23.40 5.56 23.76 28.75 5.10 17.75 

Cu 13.37 4.47 33.43 27.64 31.93 115.56 

B 0.02 0.01 43.10 0.02 0.01 33.97 

Yield 12.57 2.57 20.47 17.65 0.88 5.00 

 336 

3.3.2. Nutrients indices 337 
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Nutrient diagnostic indices were computed using the DRIS, DOP, and CND approaches based on 338 

the reference population of high-yielding olive SHD orchards. The nutrient concentrations 339 

measured in the high-yielding subpopulation were used as the reference norms for index 340 

calculations. Comparison of nutrient concentrations between the high-yielding reference orchards 341 

and the remaining orchards revealed statistically distinguishable differences between the two 342 

productivity groups. The associations between DRIS indices and corresponding nutrient 343 

concentrations are illustrated in Fig. 5. Scatter plots show the distribution of nutrient indices 344 

relative to measured concentrations for N, P, K, Ca, Mg, Fe, Mn, Zn, Cu, and B. Linear regression 345 

models were fitted for each nutrient, and the equations together with the coefficients of 346 

determination (R²) are presented in the respective panels. Across the evaluated nutrients, DRIS 347 

indices varied across both negative and positive ranges around the zero reference line, while the 348 

observed data points followed the fitted linear trends between nutrient concentration and the 349 

corresponding DRIS index values. 350 
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Fig. 5. Relationship between DRIS indices and nutrient concentrations. 

The mean nutrient indices derived from the DRIS, DOP, and CND diagnostic systems are 351 

summarized in Table 8 along with the corresponding nutrient-requirement ranking for 352 

low-yielding orchards. Among macronutrients, the DRIS indices showed negative values for P 353 

(−10.99) and K (−3.23), while DOP produced similar negative values for these elements (−11.42 354 

and −3.45, respectively). The CND indices also showed negative values for P (−0.37) and a slightly 355 

positive value for K (0.30). Nitrogen indices across the three methods were consistently positive, 356 

with values of 4.99, 1.92, and 0.74. Calcium and Mg exhibited positive indices in all diagnostic 357 
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systems, with Mg showing the highest positive values among macronutrients (13.29 for DRIS, 358 

11.04 for DOP, and 1.82 for CND). The macronutrient demand ranking reported by all three 359 

methods followed the same sequence: P > K > N > Ca > Mg. 360 

For micronutrients, the DRIS indices indicated negative values for Zn (−10.12), Cu (−9.43), and 361 

B (−2.87), whereas Fe and Mn yielded positive values of 7.24 and 8.06, respectively. DOP indices 362 

showed the lowest values for Cu (−44.05) and Zn (−16.70), followed by B (−11.37), while Fe 363 

(−0.37) and Mn (6.43) showed contrasting signs. The CND indices also presented negative values 364 

for Zn (−0.80), Cu (−0.34), and Fe (−0.25), while Mn and B were slightly positive at 0.37 and 365 

0.32. Based on these indices, the micronutrient-need order varied slightly among the methods: Zn 366 

> Cu > B > Fe > Mn (DRIS), Cu > Zn > B > Fe > Mn (DOP), and Zn > Cu > Fe > B > Mn (CND). 367 

Table 8 also shows that, despite methodological differences among DRIS, DOP, and CND, the 368 

productivity-based classification of low-yielding orchards resulted in similar nutrient-need 369 

categorizations across the three diagnostic systems. 370 

 371 
Table 8. Mean of nutrient indices and corresponding order of nutrient requirement. 

Mean DRIS DOP CND 

IN 4.99 1.92 0.74 

IP -10.99 -11.42 -0.37 

IK -3.23 -3.45 0.30 

ICa 6.60 6.26 0.75 

IMg 13.29 11.04 1.82 

IFe 7.24 -0.37 -0.25 

IMn 8.06 6.43 0.37 

Izn -10.12 -16.70 -0.80 

Icu -9.43 -44.05 -0.34 

IB -2.87 -11.37 0.32 

Macro nutrients P>K>N>Ca>Mg P>K>N>Ca>Mg P>K>N>Ca>Mg 

Micro nutrients Zn>Cu>B>Fe>Mn Cu>Zn>B>Fe>Mn Zn>Cu>Fe>B>Mn 

 372 

3.3.3. Nutritional balance index 373 

The NBI, ΣDOP, and r² values derived from the DRIS, DOP, and CND diagnostic approaches are 374 
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shown in Fig. 6. In low-yielding olive SHD orchards, the computed NBI ranged 375 

between 28.4 and 200.2, ΣDOP varied from 104.9 to 342.5, and CND-based r² values extended 376 

from 2.8 to 35.9. The graphical plots demonstrate the quantitative associations between yield and 377 

the corresponding nutritional balance parameters for each diagnostic method. Regression fitting 378 

yielded negative linear relationships represented by y = –379 

0.0344x + 15.754 (R² = 0.2288) for DRIS, y = –0.0143x + 15.666 (R² = 0.1242) for DOP, and y = –380 

0.1243x + 14.416 (R² = 0.1936) for CND, as indicated in Fig. 6. All three methods exhibited 381 

declining trends of yield with increasing nutrient balance indices. Across evaluated orchards, the 382 

lower NBI, ΣDOP, and r² values were recorded in leaves exhibiting relatively uniform elemental 383 

compositions, whereas higher index values occurred under broader elemental deviations. The 384 

numerical dispersion observed in Fig. 6 reflects the variability of nutrient balance conditions 385 

among the studied low-yielding plots. Table 8 and Fig. 6 together clarify the magnitude range of 386 

nutrient imbalance quantified by DRIS, DOP, and CND diagnostics under the SHD olive orchard 387 

framework. 388 
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Fig. 6. Relationship between the nutrient balance indices derived from DRIS, DOP, and CND and the 

yield of olive SHD orchards. 

3.4. NDVI and its seasonal variability 389 

Fig. 7 displays the processed NDVI map for the 33 olive orchards, generated following pixel-based 390 

computation over the selected imagery dates. The color-coded map represents the spatial gradients 391 

of NDVI, where each orchard block is classified according to the relative index values derived 392 

from the satellite observations. Across the mapped area, NDVI values ranged from 0.39 to 0.115, 393 

corresponding to the highest and lowest index classes, respectively, as shown in Fig. 7. The spatial 394 

distribution of NDVI is illustrated through a continuous color scale, with green-to-blue hues 395 

indicating the upper range of the observed values and yellow-to-red hues identifying the lower 396 

range. The polygonal boundaries delineate the orchard blocks included in the analysis, providing 397 

an overview of within-orchard variability captured by the remote-sensing data. The map presented 398 

in Fig. 7 summarizes the final NDVI classification applied to all orchard units included in the 399 

study. 400 
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Fig. 7. Spatial distribution of the NDVI derived from satellite imagery of the rectangular SHD 
olive orchard investigated in this study. 

 401 

Fig. 8 illustrates the monthly NDVI progression for the 2025 calendar year. Across the observation 402 

period from January to December, NDVI values ranged from a minimum of 0.115 to a maximum 403 

of 0.39, with an annual mean of 0.27 ± 0.09. The time-series data show the gradual increase in 404 

NDVI from early winter toward spring, followed by a continuous rise that culminated in the 405 

uppermost values recorded during midsummer. The plotted curve in Fig. 8 summarizes these 406 

monthly fluctuations and provides the numerical sequence of NDVI transitions throughout the 407 

year. The seasonal pattern shows a peak NDVI of approximately 0.35 during the summer months, 408 

followed by a steady decline extending from July to September. The lowest values, reaching 409 
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about 0.14, occurred during the winter interval from December to March. A renewed increase in 410 

NDVI began from April through June, marking the transition toward the summer maximum. Fig. 411 

8 therefore presents the full annual NDVI cycle for the studied SHD olive orchards and quantifies 412 

the intra-annual variability captured through the Sentinel-based time-series data. 413 

 

Fig. 8. NDVI time-series over the 2025 growing season for super-high-density (SHD) olive orchards in 
the Tarom region, Iran. 

 414 

3.5. Pearson Correlation  415 

Pearson correlations (Table 9) showed that yield exhibited both positive and negative associations 416 

with the evaluated nutrients. The strongest positive coefficients with yield were recorded for P% 417 

(r = 0.51) and Zn% (r = 0.13), whereas the smallest coefficient in magnitude corresponded to Ca% 418 

(r = 0.07). Negative correlations of moderate strength were observed for Mg% (r = −0.42) and 419 

Mn% (r = −0.26), while the remaining nutrient–yield relationships were weak. Among 420 

inter-element correlations, the highest value occurred between Fe% and Mn% (r = 0.67), followed 421 

by N% with K% (r = 0.54) and N% with Mg% (r = 0.53). Additional positive associations were 422 

documented for Cu% with Mn% (r = 0.40), K% with Cu% (r = 0.32), and P% with Zn% (r = 0.24), 423 

whereas several pairs showed near-zero or negligible relationships, including Ca% with Mg% (r = 424 

0.00) and Zn% with Mn% (r = −0.00).  425 

 426 
Table 9. Pearson correlation coefficient matrix among leaf nutrient concentrations in olive trees. 

Variables Yield N% P% K% Ca% Mg% Fe% Mn% Zn% Cu% B% 
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Yield 1           

N% -0.22 1          

P% 0.51 0.09 1         

K% -0.24 0.54 0.33 1        

Ca% 0.07 -0.53 -0.33 -0.15 1       

Mg% -0.42 0.53 -0.52 0.15 0.00 1      

Fe% -0.06 0.17 0.02 0.06 -0.18 -0.07 1     

Mn% -0.26 0.20 -0.05 0.17 -0.14 0.20 0.67 1    

Zn% 0.13 0.08 0.24 0.26 -0.04 -0.19 0.15 -0.00 1   

Cu% 0.17 0.17 0.14 0.32 -0.14 0.07 0.34 0.40 0.04 1  

B% -0.21 -0.07 -0.13 0.04 0.16 0.19 -0.05 -0.04 0.00 -0.14 1 

 427 

As depicted in Fig. 9, the relationships between olive yield, various nutrient diagnostic methods 428 

(DRIS, DOP, CND), and NDVI were evaluated. An exceptionally robust positive association was 429 

identified between NDVI and crop yield (r = 0.97, p < 0.0001), aligning with findings reported by 430 

Caruso et al. 31. Conversely, NBI indices showed negligible and statistically insignificant 431 

correlations with NDVI (p ≥ 0.05), with coefficients of −0.02, −0.24, and −0.14 for DOP, DRIS, 432 

and CND, respectively. P indices, however, displayed meaningful positive correlations with NDVI 433 

across all diagnostic approaches; specifically, r = +0.38 (0.01 ≤ p < 0.05) for DOP, and r = +0.50 434 

(p < 0.01) for both DRIS and CND. Regarding negative trends, the most pronounced inverse 435 

correlations were detected between NDVI and both K and B indices within the DOP (r = −0.44 436 

and −0.42, p < 0.05) and DRIS (r = −0.32 and −0.35, p ≥ 0.05) methods, as well as Mn and B in 437 

the CND method (r = −0.28 and −0.23, p ≥ 0.05). Finally, while olive productivity demonstrated 438 

significant positive linkages with P-indices (r = +0.45, +0.45, and +0.55; p < 0.01), it maintained 439 

negative, non-significant associations with the NBI indices. A comprehensive overview of the 440 

remaining correlation coefficients is provided in Fig. 9. 441 
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(c)  

Fig. 9. Correlation analysis between NDVI and the DRIS (a), DOP (b), and CND (c) indices. 

 442 

4. Discussion 443 

The findings of this study demonstrate that olive productivity in the Tarom region is strongly 444 

shaped by the interaction between soil properties, irrigation water quality, and nutrient balance of 445 
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SHD orchards. Soil analyses (Table 1 and Fig. 2) revealed a predominantly sandy texture, low 446 

organic matter, and moderately alkaline pH, all of which limit nutrient retention and accelerate 447 

leaching. These characteristics indicate that the soils function as low-buffering, nutrient-flow 448 

systems in which annual productivity relies heavily on externally supplied nutrients rather than on 449 

inherent soil fertility. Additionally, the irrigation water (Fig. 3 and Table 2) displayed high 450 

electrical conductivity and substantial salt loads, imposing ionic competition and osmotic stress 451 

on trees. Such saline conditions intensify nutrient uptake constraints, particularly for K⁺, Ca²⁺, and 452 

several micronutrients, and reduce photosynthetic efficiency by altering metabolic pathways. In 453 

high-density and SHD systems, where nutrient removal is substantial due to continuous fruiting 454 

and vegetative turnover, these environmental constraints underscore the need for precise, 455 

well-timed nutrient management to maintain physiological performance and stable yields32, 33. 456 

The nutrient diagnostic approaches applied in this study (DRIS, DOP, and CND) collectively 457 

revealed distinct imbalances between high-yielding and low-yielding orchards. Although mean 458 

nutrient concentrations of the high-yielding group generally aligned with established norms (Table 459 

5, 6, and 7), the indices calculated for low-yielding orchards exhibited pronounced deviations 460 

(Table 8). All diagnostic methods consistently indicated that N was maintained within or near 461 

optimal ranges, suggesting that fertilization programs in the region provide sufficient N inputs. 462 

However, the persistently negative indices for P highlight its role as the dominant limiting 463 

macronutrient. The strong P deficiency detected by DRIS, DOP, and CND can be attributed to the 464 

calcareous, high-pH soil environment (Table 1), where P becomes immobilized via formation of 465 

low-solubility Ca-P minerals. Given that P regulates inflorescence initiation, fruit development, 466 

and oil biosynthesis, its inadequate availability likely plays a central role in restricting yield 467 

potential in many orchards34, 35. In contrast, Mg tended toward excess, reflecting both its high 468 

availability in calcareous soils and competitive suppression of K uptake36. 469 

Potassium also showed moderate imbalance, reflecting competitive interactions with abundant 470 

Ca²⁺ and Mg²⁺ in these soils. While K deficiency was less severe than that of P, its tendency toward 471 

suboptimal levels is consistent with widely documented K–Ca antagonism in calcareous soils37. 472 

Micronutrient imbalances were more severe and widespread. Among them, Zn emerged as the 473 

most critically limiting element across orchards, as indicated by consistently negative DRIS, DOP, 474 
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and CND values (Table 8). Zinc’s role in enzyme activation, hormone regulation, and meristematic 475 

growth makes its deficiency particularly detrimental under SHD conditions where continuous 476 

canopy renewal is essential. Boron was also frequently deficient, which may directly impair pollen 477 

viability, fertilization, and fruit set38. Copper deficiency, though less severe than Zn and B, was 478 

also evident in several orchards, likely limiting lignification and disease resistance39. These 479 

nutrient patterns collectively align with the nutrient balance indices (NBI, ΣDOP, and CND-r²) 480 

presented in Fig. 6, where higher imbalance indices in low-yielding orchards indicate stronger 481 

deviations from optimal nutrient ratios. The negative correlation between yield and these 482 

imbalance indices demonstrates that nutrient disproportion, not merely absolute concentration, is 483 

a primary determinant of yield variability in Tarom’s SHD olive orchards. 484 

Comparing diagnostic approaches suggests that each method contributes unique insight, but the 485 

CND framework offers particular advantages in capturing multivariate interactions. While DRIS 486 

and DOP effectively highlight individual nutrient deviations, CND incorporates compositional 487 

data structure and the residual component (Rd), enabling more robust modeling of nutrient 488 

interactions and yield responses. The inflection points derived from CND functions (Table 6) 489 

provide biologically meaningful thresholds for interpreting nutrient sufficiency in SHD systems. 490 

The consistency of nutrient ranking across diagnostic methods (Table 8) further validates the 491 

reliability of these techniques for Mediterranean-type calcareous soils. These results align with 492 

earlier studies in perennial crops reporting that DRIS and CND are powerful tools for diagnosing 493 

nutrient balance under complex soil chemical conditions, particularly where high CaCO₃and 494 

salinity distort nutrient availability40. 495 

Integration of NDVI with leaf-based diagnostic techniques provided an additional layer of insight 496 

into orchard variability. The NDVI map (Fig. 7) clearly depicted spatial differences in canopy 497 

vigor that corresponded to nutritional patterns detected by DRIS, DOP, and CND. Orchards with 498 

higher NDVI values typically belonged to the high-yielding group and exhibited more balanced 499 

nutrient profiles, whereas orchards with depressed NDVI values aligned with nutrient-limited, 500 

low-yielding blocks. Seasonal NDVI patterns (Fig. 8) showed a logical progression with maximum 501 

values occurring during the active summer growth period and minimum values in winter. This 502 

seasonal trajectory aligns with known physiological patterns of olive trees and reinforces NDVI’s 503 
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value as a canopy-level indicator of growth performance, vegetative renewal, and potential 504 

nutritional stress. These findings support previous research indicating that NDVI is a reliable, 505 

non-destructive proxy for canopy density, shoot growth, and water–nutrient status in hedgerow 506 

olive orchards4, 41. 507 

According to the correlation patterns presented in Fig. 9, the DOP, DRIS, and CND diagnostic 508 

frameworks exhibited broadly comparable behavior. In each of these three approaches, NDVI 509 

showed a positive association with the P index, whereas its relationships with the K and B indices 510 

were consistently negative. Despite this general agreement, the CND procedure can be regarded 511 

as conceptually more robust than DOP and DRIS because it explicitly integrates multivariate 512 

interactions among nutrients rather than treating each element in isolation42. 513 

The CND-r² statistic displayed a very strong positive correlation with Mg (0.83) and moderate 514 

positive correlations with Ca (0.41) and N (0.37), supporting the interpretation that these nutrients 515 

are relatively adequate in the orchards under study. Conversely, CND-r² was negatively correlated 516 

with the indices for P (−0.46), Fe (−0.37), and Zn (−0.28). These inverse relationships imply that 517 

these elements act as yield-limiting factors and contribute to the overall nutritional disequilibrium 518 

of the trees. This interpretation is consistent with the findings of Abbasi-Karvaneh et al. 43, who, 519 

based on nutrient balance indices derived from DOP, DRIS, and CND, identified Fe and P as the 520 

predominant limiting nutrients in low-yield peach and nectarine orchards. 521 

Cultivar-specific responses offer important implications for orchard management. The results 522 

showed that ‘Arbequina’ orchards were disproportionately represented in the high-yielding and 523 

nutritionally balanced categories, whereas ‘Koroneiki’ orchards were more frequently associated 524 

with low yields and higher nutrient imbalance indices. This difference suggests inherent variation 525 

in nutrient uptake efficiency, salinity tolerance, and canopy architecture between these cultivars 526 

under SHD planting. Considering the region’s sandy soils and saline irrigation water, Arbequina’s 527 

relatively higher adaptability may reflect superior root system plasticity or nutrient transport 528 

efficiency. This cultivar-level divergence underscores the importance of tailoring fertilization, 529 

irrigation, and canopy management to genotype-specific demands. 530 

This study provides a multidimensional assessment of olive nutrition by integrating three 531 

complementary diagnostic frameworks (DRIS, DOP, and CND), thereby enabling the 532 
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triangulation of nutrient limitations and distinguishing between method-consistent and method-533 

specific findings. Furthermore, by coupling ground-based leaf diagnostics with Sentinel-2 NDVI, 534 

this research offers a pathway for up-scaling precision management from individual leaf analysis 535 

to remote canopy monitoring. These methodological advancements are particularly critical for 536 

super-high-density (SHD) olive systems—a rapidly expanding global model—which face 537 

intensified resource competition. By addressing these complexities within the unique agro-538 

ecological context of semi-arid, calcareous, and saline-irrigated environments in Tarom, Iran, this 539 

work fills a vital gap in transitioning from general nutritional models to precise, region-specific 540 

management strategies. 541 

5. Conclusion 542 

Results from this study demonstrate that precisely characterizing nutrient status in SHD olive 543 

orchards on calcareous soils is imperative, given the pronounced nutrient interactions and limited 544 

element mobility inherent to such environments. By integrating DRIS, DOP, CND, and NDVI 545 

frameworks, a holistic evaluation of the nutritional constraints impacting the Tarom region was 546 

achieved, identifying P and K as primary macronutrient limitations in low-yielding orchards, 547 

alongside widespread Zn, B, and Cu deficiencies primarily driven by elevated pH and CaCO₃ 548 

levels. The strong inverse association between nutrient imbalance indices and fruit yield confirms 549 

that nutritional disproportion significantly restricts productivity, while temporal analysis identifies 550 

summer as the optimal period for NDVI-based canopy monitoring. Combining remote sensing 551 

indices with traditional leaf diagnostics offers a robust approach for refining fertilization, pruning, 552 

and stress management protocols. Although NDVI exhibits high correlation with olive yield and 553 

P availability, its limited relationship with general nutrient balance indices (NBI) highlights the 554 

critical role of P shortages as a specific yield-suppression factor. Consequently, strategic efforts to 555 

improve P bioavailability, optimize micronutrient management, specifically for Zn and B, and 556 

maintain K homeostasis are essential to enhance yield stability of SHD olive systems under 557 

calcareous conditions. 558 
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