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area accumulation, consistent with reports that genetic and phenological traits strongly 

influence LAI and CC (Bréda, 2003; Jarmain et al., 2018). 

 

Other cultivars, including African Delight K35 and K12 (Figure 4.16), Fortune L17 and L19 

(Figure 4.19), and Sungold and Letitia L11 (Figure 4.21), exhibited moderate growth patterns 

with noticeable fluctuations in LAI and CC, highlighting intermediate canopy dynamics that 

may balance light interception and water use efficiency (Le Maire et al., 2008; Roux et al., 

2016). Red Phoenix K24 (Figure 4.17) displayed a more consistent trend, with a steady increase 

in both LAI and CC throughout the season, suggesting a uniform canopy expansion and 

potentially more predictable seasonal management requirements (Jovanović et al., 2023; Elsner 

et al., 2016). 

 

Overall, the observed differences in the timing, magnitude, and variability of LAI and CC peaks 

among cultivars emphasize the importance of accounting for cultivar-specific canopy 

characteristics when planning irrigation, pruning, and monitoring strategies. Such variability 

also supports previous findings that cultivar genetics and phenology are key determinants of 

seasonal canopy dynamics in Japanese plum orchards (Mashabatu et al., 2025; Bréda, 2003). 
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Figure 4.16 Leaf Area Index and Canopy Cover of African Delight orchards in Robertson farm 
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Figure 4.17 Leaf Area Index and Canopy Cover of Red Phoenix orchard in Robertson farm 

 
 

Figure 4.18 Leaf Area Index and Canopy Cover of African Rose cultivar in Robertson farm 
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Figure 4.19 Leaf Area Index and Canopy Cover of Fortune orchards in Robertson farm 

 

 

0

0.5

1

1.5

2

2.5

3

3.5

4

LA
I

DATE

ROBERTSON FORTUNE

FORTUNE L17 FORTUNE L19

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

C
C

DATE

ROBERTSON FORTUNE

FORTUNE L17 FORTUNE L19

https://uwcscholar.uwc.ac.za/home



96 

 

 
Figure 4.20 Leaf Area Index and Canopy Cover of Angelino orchard in Robertson farm 

 

Figure 4.21 Leaf Area Index and Canopy Cover of Sungold and Letitia orchard in Robertson farm 

 

The seasonal trends of LAI and CC across the orchards reflect observable changes in canopy 

development over time. In both Wellington and Robertson, LAI and CC generally increased 

during spring, reached peak values in summer, and decreased during autumn and winter. These 

seasonal patterns were consistent across orchard types and cultivars, with summer peaks and 

winter lows being particularly noticeable. The observed trends provide a comprehensive view 

of canopy dynamics throughout the growing season and offer a basis for validating ground 

measurements with FruitLook  

0

0.2

0.4

0.6

0.8

1

0

1

2

3

4

5

6-Oct-23 6-Nov-23 6-Dec-23 6-Jan-24 6-Feb-24 6-Mar-24

C
C

LA
I

DATE

ROBERTSON ANGELINO

LAI CC

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

6-Oct-23 25-Oct-23 20-Nov-23 11-Dec-23 31-Jan-24 20-Feb-24 14-Mar-24

C
C

LA
I

DATE

ROBERTSON SUNGOLD AND LETITIA 

LAI CC

https://uwcscholar.uwc.ac.za/home



97 

 

4.6 Leaf Area Index estimated from FruitLook in Wellington 

 

 In the Wellington plum orchards, the coefficient of determination (R²) for all orchards was 

0.54, indicating a moderate correlation between FruitLook-derived LAI and ground-measured 

LAI (Figure 4.22). FruitLook performance varied with orchard type, showing higher R² values 

in full-bearing orchards (0.49; Figure 4.24) compared to non-bearing orchards (0.37; Figure 

4.23). This suggests that FruitLook is more reliable in mature orchards with well-developed 

and consistent canopy structures, consistent with findings by Roux et al. (2016) and Jarmain et 

al. (2018), who reported improved satellite LAI estimation in orchards with denser canopies. 

Cultivar-specific variation was also evident, with African Delight showing a moderate R² of 

0.43, whereas Ruby Sun (0.31), Angelino (0.24), Sun Supreme (0.39), and Black Splendor 

(0.24) exhibited weaker correlations (Figures 4.25–4.29), highlighting how canopy architecture 

and growth habits can influence remote sensing accuracy (Mashabatu et al., 2025; Bréda, 

2003). 

 

Outliers, indicated as A and B in Figure 36, appear to have significantly affected overall R² 

values. Removal of these outliers increased the R² for all Wellington orchards to 0.75, 

illustrating how extreme observations can inflate variance and reduce apparent model 

performance (Babyak, 2004; Hawkins, 2004). Outliers marked ‘A’, with high LAI values, 

predominantly corresponded to full-bearing orchards (e.g., African Delight 47, Ruby Sun 6, 

Angelino 33) and may reflect FruitLook overestimation, possibly due to satellite detection of 

inter-row grass not captured by the LAI-2200 (Jensen & Binford, 2004; Roux et al., 2016). 

Conversely, outliers marked ‘B’, showing low LAI values, were mainly observed in non-

bearing orchards such as Black Splendor 45 and African Delight 13, suggesting potential 

underestimation by FruitLook. Factors contributing to lower estimates may include crop 

management practices like pruning, satellite sensor limitations such as pixel resolution, model 

inaccuracies, or environmental conditions like cloud cover and shadows reducing near-infrared 

reflectance (Alexandridis et al., 2013; Delalieux et al., 2008; Song, 2013). These findings 

highlight the importance of considering both orchard maturity and canopy heterogeneity when 

interpreting satellite-derived LAI data. 
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Figure 4.22 FruitLook Leaf Area Index against ground observed Leaf Area Index for all Wellington 

orchards (A – overestimated values; B- underestimated values) 

 

 
Figure 4.23 FruitLook Leaf Area Index against ground observed Leaf Area Index for non-bearing 

orchards in Wellington 
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Figure 4.24 FruitLook Leaf Area Index against ground observed Leaf Area Index for full-bearing 

orchards in Wellington 

 

 
Figure 4.25 FruitLook Leaf Area Index against ground observed Leaf Area Index for African Delight 

cultivar in Wellington 
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Figure 4.26 FruitLook Leaf Area Index against ground observed Leaf Area Index for Ruby Sun cultivar 

in Wellington 

 

 
Figure 4.27 FruitLook Leaf Area Index against ground observed Leaf Area Index for Angelino cultivar 

in Wellington 
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Figure 4.28 FruitLook Leaf Area Index against ground-observed Leaf Area Index for Sun Supreme 

cultivar in Wellington 

 

 
Figure 4.29 FruitLook Leaf Area Index against ground-observed Leaf Area Index for Black Splendor 

cultivar in Wellington 
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LAI estimation (Alexandridis et al., 2013; Roux et al., 2016). In contrast, full-bearing orchards 

exhibited a higher RMSE (2.39), reflecting greater discrepancies between satellite and ground 

measurements. This can be explained by denser canopies, overlapping foliage, spectral 

saturation, and shadow effects that interfere with remote sensing reflectance (Delalieux et al., 

2008; Song, 2013; Fang et al., 2019). Additional factors, such as pruning practices, structural 

variability, and timing differences between satellite overpass and ground measurements, may 

have further contributed to these errors. 

Cultivar-specific differences were also apparent. Black Splendor, a non-bearing orchard, had 

the lowest RMSE (1.22), indicating strong agreement between FruitLook and ground 

measurements due to its simpler canopy architecture. Conversely, Ruby Sun, with dense 

foliage, had the highest RMSE (2.97), likely reflecting increased shadowing and complexity in 

canopy structure. Across all orchards, the overall RMSE was 2.07, suggesting a moderate level 

of agreement between FruitLook-derived and ground-observed LAI, consistent with previous 

studies highlighting the influence of canopy density on satellite LAI accuracy (Mashabatu et 

al., 2025; Bréda, 2003). 

 
Table 4.9 Statistical analyses of FruitLook Leaf Area Index against ground observed Leaf Area Index 

of all orchards, non-bearing orchards, full-bearing orchards, and individual cultivars in Wellington 

 

Statistical  

Analyses 

1. R2 2. RMSE 3. MAE 4. Wilmott’s 

Index of 

Agreement 

All orchards  0.54 2.07 1.62 0.43 

Non-bearing 

orchards 

0.49 1.21 0.99 0.24 

Full-bearing 

orchards 

0.37 2.39 1.93 0.36 

African Delight 0.43 1.53 1.14 0.49 

Angelino 0.24 2.07 1.63 0.14 

Sun Supreme 0.39 2.26 1.94 0.28 

Black Splendor 0.24 1.22 0.93 2.97 

Ruby Sun 0.31 2.97 2.97 0.42 
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The Mean Absolute Error (MAE) was lowest in non-bearing orchards (0.99; Table 4.9), 

indicating that FruitLook LAI closely aligned with ground-observed LAI and exhibited 

minimal deviations. The lower MAE in these orchards can be attributed to sparse canopy 

density, which reduces intra-canopy shadowing and allows for more accurate satellite LAI 

estimation (Alexandridis et al., 2013; Roux et al., 2016). Full-bearing orchards had a higher 

MAE (1.93), suggesting a reasonable, though less precise, level of agreement between satellite 

and ground measurements, likely influenced by denser canopies and increased shadowing 

effects (Delalieux et al., 2008; Fang et al., 2019). Among cultivars, Black Splendor, a non-

bearing orchard, had the lowest MAE (0.93), whereas Ruby Sun exhibited the highest MAE 

(2.97), reflecting the effect of dense foliage on satellite-based LAI estimation. Across all 

orchards, the MAE was 1.62, suggesting moderate agreement between FruitLook and ground 

measurements. 

 

The Willmott’s index of agreement (d) further highlighted discrepancies between satellite and 

ground data. Overall, d was low (0.43; Table 4.9), indicating limited alignment between 

FruitLook and measured LAI. Non-bearing orchards had the lowest agreement (0.24), while 

full-bearing orchards showed slightly higher agreement (0.36). Among cultivars, African 

Delight exhibited the highest alignment (d = 0.49), and Angelino had the lowest (d = 0.14). 

These results suggest that canopy complexity and management practices, such as pruning and 

structural variability, can influence satellite LAI accuracy (Bréda, 2003; Song, 2013). 

 

It is also important to note that moderate correlations observed between FruitLook, and ground-

measured LAI could be influenced by the presence of mesh nets in some orchards, including 

Sun Supreme, Black Splendor, and Angelino. Since FruitLook relies on 30 m resolution 

multispectral data, mesh nets could reduce near-infrared (NIR) reflectance, leading to 

underestimations of LAI. Pixels that included both netted and non-netted areas may further 

decrease the accuracy of satellite estimates, demonstrating the sensitivity of remote sensing 

products to small-scale structural variations. 

 

In summary, FruitLook is effective for capturing overall LAI trends in plum orchards, 

particularly in full-bearing orchards and cultivars with consistent canopy structures. However, 

its accuracy varies depending on orchard type, cultivar, and management practices, with lower 

reliability observed in non-bearing orchards and cultivars such as Ruby Sun and Angelino. 

These findings underscore the importance of calibrating FruitLook LAI with ground 
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measurements to improve precision, particularly in complex orchard environments. Despite 

these limitations, FruitLook remains a valuable tool for large-scale monitoring and trend 

analysis, providing meaningful insights into seasonal canopy dynamics (Mashabatu et al., 

2025; Bréda, 2003). 

 

4.7 Leaf Area Index estimated using Copernicus in Wellington  

 

Figure 4.30 shows the estimated Copernicus LAI against ground-observed LAI in the 

Wellington orchards. The weak correlation (R² = 0.40; Table 4.10) suggests that the satellite 

product did not fully capture the actual canopy conditions. The relatively high RMSE (4.10) 

and MAE (4.44), along with the low Willmott’s index of agreement (0.14), further indicate 

substantial deviations between satellite-derived LAI and field measurements. These 

discrepancies are likely influenced by orchard-specific factors, including variability in tree 

structure, age, row spacing, and canopy density, which affect how LAI is sensed from space 

(Bréda, 2003; Delalieux et al., 2008). 

 

Mesh nets placed over some cultivars, such as Sun Supreme 28, during data collection may 

have further contributed to underestimation of LAI. The nets can alter light absorption and 

scattering, particularly in the near-infrared spectrum, which is critical for satellite-based LAI 

retrieval (Song et al., 2013; Mashabatu et al., 2025). As Copernicus products rely on 

reflectance models, these structural obstructions reduce the amount of reflected near-infrared 

radiation reaching the satellite sensor, leading to lower LAI estimates compared to open-

canopy areas. 

 

Overall, these results highlight a limitation of Copernicus LAI in orchards with complex or 

partially obstructed canopies. While the satellite product can capture general canopy trends, 

ground-based validation remains essential to ensure reliable LAI assessment, particularly in 

heterogeneous or managed orchards with structural modifications like mesh nets. 
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Figure 4.30 Copernicus Leaf Area Index against ground-observed Leaf Area Index for all orchards in 

Wellington 

Table 4.10 Statistical analyses of Copernicus Leaf Area Index against ground-observed Leaf Area Index 

for all orchards in Wellington 

STATISTICAL ANALYSES ALL ORCHARDS (Monthly averages) 

1.R2 0.40 

2. RMSE 4.10 

3. MAE 4.44 

4. Willmott’s index of agreement 0.14 

 

In Wellington, FruitLook appears to provide more reliable estimates of LAI in plum orchards 

compared to Copernicus. Statistical evaluation showed that FruitLook had a stronger 

correlation with ground measurements and lower error rates (RMSE = 2.07; MAE = 1.62), 

indicating better overall agreement with observed values despite some moderate 

inconsistencies (Mashabatu et al., 2025; Song et al., 2013). In contrast, Copernicus exhibited 

a weaker correlation with field-measured LAI (R² = 0.40), higher RMSE and MAE, and a low 

Willmott’s index of agreement (0.14), reflecting larger individual prediction errors and limited 

accuracy for site-specific measurements. Copernicus was also unable to reliably estimate LAI 

for individual cultivars, further limiting its applicability at the orchard scale. Therefore, 

FruitLook is more suitable for accurate, site-specific LAI estimation in Wellington plum 

orchards. However, it is important to note that the number of available data points from 

Copernicus was considerably lower than those obtained from FruitLook, which may have 

y = 2,8155x
R² = 0,366

0

1

2

3

4

5

6

7

8

0 1 2 3 4 5 6 7 8

C
O

P
E

R
N

IC
U

S 
L

A
I

GROUND OBSERVED LAI

WELLINGTON ALL ORCHARDS

https://uwcscholar.uwc.ac.za/home



106 

 

contributed to differences in performance between the two satellite products (Bréda, 2003; 

Delalieux et al., 2008). 

 

Compared with other studies, the correlations between satellite-derived LAI and ground-

observed LAI in this study were lower (Kganyago et al., 2020). One likely factor is the presence 

of mesh nets over some orchards, which could have interfered with spectral reflectance and 

reduced the accuracy of both Copernicus and FruitLook estimates. In contrast, other studies 

may have been conducted in open-canopy environments, minimizing such external 

interferences. Differences in spatial resolution and the potential mixing of netted and non-

netted areas within single pixels may have also contributed to variability, whereas studies using 

finer-resolution data could achieve more precise correlations. Although careful efforts were 

made to match satellite data with ground measurements temporally, some mismatches may 

have occurred, influencing the results. Additionally, differences between full-bearing and non-

bearing orchards, canopy heterogeneity, and canopy gaps likely contributed to inconsistencies 

between satellite-derived and field-measured LAI. Overall, these findings highlight that while 

remote sensing is effective for LAI estimation, site-specific factors and methodological 

constraints must be considered when interpreting correlation results. 

 

4.8 Leaf Area Index estimated from FruitLook in Robertson  

 

In Robertson plum orchards, the overall correlation between FruitLook-derived LAI and 

ground-measured LAI was relatively low (R² = 0.41; Figure 4.31). When analyzed by orchard 

growth stage, non-bearing orchards had an R² of 0.26 (Figure 4.32), while full-bearing orchards 

showed a slightly higher R² of 0.32 (Figure 4.33), indicating that FruitLook performs better in 

more mature orchards with consistent canopy structures (Kganyago et al., 2020). Among 

cultivars, African Delight (Figure 4.34), African Rose (Figure 4.35), and Fortune (Figure 4.36) 

showed moderate correlations (R² ≈ 0.40–0.42), whereas Sungold, Letitia (Figure 4.37), and 

Angelino (Figure 4.38) exhibited the lowest correlations (R² = 0.23), suggesting cultivar-

specific differences in canopy characteristics that may affect LAI estimation accuracy (Ahmed 

et al., 2024; Towers, 2017). 

 

The low correlations observed in Robertson could be attributed to several factors. Algorithmic 

limitations in the FruitLook model, site-specific conditions such as variable tree structure, row 

spacing, and canopy gaps, and errors in field measurements (e.g., LAI-2200 readings under 
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cloudy conditions) may all contribute to mismatches between satellite and ground 

measurements (Li et al., 2025; Zheng, 2009). Additionally, the relatively coarse spatial 

resolution of FruitLook could cause mixed pixels containing soil, trees, and grass, leading to 

over- or underestimation of LAI values. NDVI saturation in dense canopies might also limit 

the satellite’s ability to accurately estimate high LAI values. Comparisons with other studies 

using higher-resolution data often report stronger correlations, indicating that both spatial 

resolution and canopy complexity significantly influence LAI retrieval accuracy (Kganyago et 

al., 2020; Ahmed et al., 2024). 

  

 
Figure 4.31 FruitLook Leaf Area Index against ground observed Leaf Area Index for all Robertson 

orchards 

 
Figure 4.32 FruitLook Leaf Area Index against ground observed Leaf Area Index for non-bearing 

orchard in Robertson 
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Figure 4.33 FruitLook Leaf Area Index against ground observed Leaf Area Index for full-bearing 

orchards in Robertson 

 

 
Figure 4.34 FruitLook Leaf Area Index against ground observed Leaf Area Index for African Delight 

orchards in Robertson 
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Figure 4.35 FruitLook Leaf Area Index against ground observed Leaf Area Index for African Rose 

cultivar in Robertson 

 

 

 

 

 
Figure 4.36 FruitLook Leaf Area Index against ground observed Leaf Area Index for Fortune orchards 

in Robertson 
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Figure 4.37 FruitLook Leaf Area Index against ground observed Leaf Area Index for Sungold & Letitia 

cultivar in Robertson 

 

 
Figure 4.38 FruitLook Leaf Area Index against ground observed Leaf Area Index for Angelino cultivar 

in Roberston 
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canopy structures (Kganyago et al., 2020). Among cultivars, Sungold and Letitia exhibited the 

lowest RMSE values (1.00), followed by Fortune (1.20), indicating close alignment between 

FruitLook LAI and ground observations. Non-bearing orchards and African Delight displayed 
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by sparser canopies, shadows, or variations in leaf distribution (Ahmed et al., 2024; Towers, 
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2017). Other cultivars, such as Angelino (1.61) and African Rose (1.78), had relatively low 

RMSE values, further supporting that FruitLook can reliably capture LAI trends under certain 

orchard and cultivar conditions. These results highlight the influence of orchard maturity and 

canopy structure on the accuracy of satellite-derived LAI. 

 
Table 4.11 Statistical analyses of FruitLook Leaf Area Index against ground observed Leaf Area Index 

for all orchards, non-bearing orchards, full-bearing orchards, and individual orchards in Robertson 

Statistical  

analyses 

1.R2 2. RMSE 3. MAE 4. Willmott’s 

index of 

agreement 

All orchards 0.41 1.83 1.47 0.74 

Non-bearing 

orchards 

0.23 2.23 1.61 0.51 

Full-bearing 

orchards 

0.32 1.82 1.45 0.90 

African Delight 0.40 2.58 2.06 0.28 

African Rose 0.40 1.78 1.67 0.24 

Fortune 0.42 1.20 1.01 0.93 

Sungold and Letitia 0.23 1.00 0.83 0.94 

Angelino 0.23 1.61 1.18 0.91 

 

For all orchards, the MAE was relatively low (1.47; Table 4.11), indicating that FruitLook LAI 

deviated only slightly from ground-measured LAI. Full-bearing orchards had a lower MAE 

(1.45) compared to non-bearing orchards (1.61), suggesting that mature orchards with well-

developed canopies allow for more accurate satellite-based LAI estimation (Kganyago et al., 

2020). Among cultivars, Sungold and Letitia (0.83) and Fortune (1.01) showed the lowest MAE 

values, reflecting close alignment with ground measurements, whereas African Delight 

exhibited the highest MAE (2.06), indicating greater discrepancies likely due to sparse 

canopies or uneven leaf distribution (Ahmed et al., 2024). Angelino (1.18) and African Rose 
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(1.67) had moderate MAE values, showing a reasonable agreement between FruitLook and 

ground observations. 

The Willmott’s index of agreement for all orchards was high (0.74), indicating that FruitLook 

LAI effectively captured variability in ground-measured LAI. Full-bearing orchards had a 

stronger alignment (0.90) than non-bearing orchards (0.51), emphasizing the role of canopy 

density and structure in satellite accuracy. Among cultivars, Sungold and Letitia (0.94), 

Fortune (0.93), and Angelino (0.91) had the highest agreement values, while African Rose 

(0.24) and African Delight (0.28) had lower values, indicating weak alignment between 

FruitLook and ground observations. These results suggest that FruitLook performs best in 

mature orchards with dense, uniform canopies, whereas its accuracy is reduced in non-bearing 

orchards or cultivars with sparse foliage, highlighting the importance of orchard-specific 

factors in satellite LAI estimation (Towers, 2017; Ahmed et al., 2024). 

 

4.9 Leaf Area Index estimated from Copernicus in Robertson 

 

When Copernicus LAI was validated against ground-observed LAI in Robertson orchards, the 

overall correlation was low (R² = 0.37; Figure 4.39), indicating that the satellite product 

captured only a limited portion of the actual canopy variability. The RMSE (3.54; Table 4.12) 

and MAE (3.42; Table 4.12) values suggest considerable deviations between Copernicus-

derived LAI and ground measurements, with a tendency to overestimate LAI in some orchards. 

Despite these errors, the Willmott’s index of agreement was relatively high (0.77; Table 4.12), 

suggesting that Copernicus still captured general trends in canopy development, even if 

individual predictions were less accurate. The low correlations may be attributed to the 

characteristics of Sentinel-2 bands used in the Copernicus biophysical processor, which are 

sensitive to Rayleigh and aerosol scattering effects, potentially affecting LAI retrieval under 

certain atmospheric conditions (Kganyago et al., 2020). These results highlight that while 

Copernicus can provide broad-scale trends, its use for detailed orchard-level LAI estimation in 

Robertson may be limited, and ground-based calibration is recommended to improve accuracy. 
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Figure 4.39 Copernicus Leaf Area Index against ground-observed Leaf Area Index for all orchards in 

Robertson 

 

 
Table 4.12 Statistical analyses of Copernicus Leaf Area Index against ground-observed Leaf Area Index 

for all orchards in Robertson 

STATISTICAL ANALYSES ALL ORCHARDS (Monthly averages) 

1.R2 0.37 

2. RMSE 3.54 

3. MAE 3.42 

4. Willmott’s index of agreement 0.77 

 

 

Copernicus and FruitLook exhibited strengths and limitations in LAI validation for plum 

orchards. Copernicus offers the advantage of free, open-access data with high temporal 

resolution (5-day revisit), allowing continuous monitoring of LAI trends. However, frequent 

cloud cover can limit data availability, potentially affecting the consistency of validation results 

(Lee et al., 2023). FruitLook, on the other hand, is tailored to South African agricultural 

conditions, providing near real-time and historical trend analyses. Its data are actionable for 

management decisions, but temporal gaps, susceptibility to atmospheric and weather 

conditions, and inconsistent data continuity pose limitations. 

Although both platforms showed low to moderate correlations with ground measurements, 

Copernicus was more reliable for capturing broad seasonal trends, as evidenced by its relatively 

high Willmott’s index of agreement (0.77). FruitLook, however, outperformed Copernicus in 

accuracy, with lower RMSE (1.83) and MAE (1.47), reflecting smaller deviations from ground-

observed LAI. Nevertheless, fewer Copernicus data points were available, highlighting a trade-

off between temporal coverage and data precision. 
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Remote sensing LAI can be further improved by integrating additional vegetation indices and 

calibration methods. For FruitLook, the Green Chlorophyll Index (GCI) can account for 

variations in chlorophyll content, while the Enhanced Vegetation Index (EVI) minimizes soil 

background effects. Incorporating higher-resolution satellite data and developing algorithms 

capable of distinguishing orchards with mesh nets from those without could reduce pixel-

mixing errors. For Copernicus, indices such as the Red-Edge NDVI and Soil-Adjusted 

Vegetation Index (SAVI) can address NDVI limitations, while orchard-specific LAI models 

can account for mesh nets, tree spacing, and pruning events. Additionally, Sen2Cor processing 

for atmospheric and cloud correction can further improve the reliability of Copernicus LAI 

estimates (Lee et al., 2023). 
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5. CHAPTER FIVE: Conclusions and Recommendations 
 

5.1 Conclusions 

 

This study evaluated the accuracy and reliability of Leaf Area Index (LAI) and Canopy Cover 

(CC) measurements using the LAI-2200 PCA instrument across different orchard types and 

cultivars. Multiple below-canopy measurements combined with a single above-canopy 

reference provided representative estimates of canopy structure. The orientation of the sensor 

showed minimal influence on the measurements.  Midday readings showed higher LAI and CC 

values due to maximum leaf interception of sunlight. In contrast, afternoon measurements were 

lower, likely because of increased shadowing within the canopy. These patterns are illustrated 

in Figures 4.2 to 4.4 and Tables 4.1 to 4.4. 

Variation in LAI and CC was influenced primarily by orchard characteristics, including age, 

cultivar, and management practices. Mature, full-bearing orchards exhibited stable and 

predictable canopy values, whereas non-bearing orchards and recently pruned blocks showed 

higher variability. Analysis of variance results indicated no significant differences between the 

Wellington and Robertson farms, as presented in Tables 4.6 and 4.7. These results suggest that 

geographic location had a limited effect compared to orchard stage and cultivar management. 

Satellite-derived estimates demonstrated varying levels of agreement with ground 

measurements. In Wellington, FruitLook showed low correlations, particularly in non-bearing 

orchards and cultivars such as Ruby Sun and Angelino, possibly influenced by mesh nets. In 

Robertson, moderate correlations and lower errors were observed in mature orchards and 

cultivars such as Sungold, Letitia, Fortune, and Angelino. Non-bearing orchards and cultivars 

such as African Delight exhibited higher errors. Copernicus data showed low correlation with 

ground measurements overall. 

These findings indicate that the hypothesis that high-resolution satellite-derived LAI would 

closely match ground measurements was only partially supported. FruitLook effectively 

captured overall LAI trends in specific orchard contexts, whereas Copernicus performed poorly 

at the orchard scale. The results highlight that orchard characteristics, canopy structure, and 

management practices play a critical role in determining both ground-based and satellite-

derived LAI estimates. 
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5.2 Recommendations 

 

Future research should focus on improving both ground-based and satellite-derived estimates 

of Leaf Area Index (LAI) and Canopy Cover (CC) in heterogeneous orchard environments. 

The results of this study demonstrated that multiple below-canopy measurements combined 

with a single above-canopy reference provide more accurate and representative LAI and CC 

values (Figures 4.2–4.4, Tables 4.1–4.4). These findings suggest that increasing the number of 

below-canopy measurements in heterogeneous canopies could further reduce spatial variability 

and enhance the reliability of ground-based assessments. Additionally, sensor orientation and 

the choice of a 270° view cap were shown to influence measurement consistency, indicating 

that these factors should be considered in future protocols. 

 

The evaluation of satellite-derived data revealed variable performance across orchard types and 

cultivars. FruitLook provided moderate correlations with ground measurements, particularly in 

mature orchards, whereas Copernicus data showed lower agreement at the orchard scale 

(Figures 4.29–4.30, Tables 4.8–4.9). These results highlight the need for future studies to refine 

the integration of ground measurements with high-resolution satellite imagery, particularly in 

environments where orchard features such as mesh nets or heterogeneous canopy structures 

affect spectral reflectance. Developing correction models or classification algorithms to 

account for these factors could improve the accuracy of satellite-based LAI estimates. 

 

Further research should also investigate how environmental conditions, cultivar, orchard age, 

and management practices influence LAI and CC. For example, canopy structure, pruning 

practices, irrigation regimes, and the presence of cover crops all affect leaf area and canopy 

development. Models that incorporate these factors, while distinguishing between cover crops 

and main orchard crops, will improve the predictive power of LAI and CC estimates. Regular 

calibration of satellite data with ground measurements will be crucial to maintaining accuracy 

across various orchard types and environmental conditions. 

 

Finally, future studies should explore methods for identifying and treating outliers in satellite-

derived datasets, particularly when values are overestimated or underestimated due to canopy 

heterogeneity or other orchard features. Integrating satellite and ground-based measurements 

remains a key strategy for reducing errors and enhancing orchard monitoring, supporting 

precision agriculture, and informing management decisions. By building on the findings of this 
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study, future research can improve the accuracy, reliability, and applicability of both ground-

based and satellite-derived LAI and CC measurements in plum orchards and similar 

agricultural systems. 
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