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Abstract: Mango (Mangifera Indica L.), a key horticultural crop, particularly in Pakistan, has
been primarily studied locally using low- to medium-resolution satellite imagery, usually
focusing on a particular phenological stage. The large canopy size, complex tree structure,
and unique phenology of mango trees further accentuate intrinsic challenges posed by
low-spatiotemporal-resolution data. The absence of mango-specific vegetation indices com-
pounds the problem of accurate health classification and yield estimation at the tree level.
To overcome these issues, this study utilizes high-resolution multi-spectral UAV imagery
collected from two mango orchards in Multan, Pakistan, throughout the annual pheno-
logical cycle. It introduces MangiSpectra, an integrated two-staged framework based on
Long Short-Term Memory (LSTM) networks. In the first stage, nine conventional and three
mango-specific vegetation indices derived from UAV imagery were processed through fine-
tuned LSTM networks to classify the health of individual mango trees. In the second stage,
associated data such as the trees’ age, variety, canopy volume, height, and weather data
were combined with predicted health classes for yield estimation through a decision tree
algorithm. Three mango-specific indices, namely the Mango Tree Yellowness Index (MTYI),
Weighted Yellowness Index (WYI), and Normalized Automatic Flowering Detection Index
(NAFDI), were developed to measure the degree of canopy covered by flowers to enhance
the robustness of the framework. In addition, a Cumulative Health Index (CHI) derived
from imagery analysis after every flight is also proposed for proactive orchard management.
MangiSpectra outperformed the comparative benchmarks of AdaBoost and Random Forest
in health classification by achieving 93% accuracy and AUC scores of 0.85, 0.96, and 0.92
for the healthy, moderate and weak classes, respectively. Yield estimation accuracy was
reasonable with R2 = 0.21, and RMSE = 50.18. Results underscore MangiSpectra’s poten-
tial as a scalable precision agriculture tool for sustainable mango orchard management,
which can be improved further by fine-tuning algorithms using ground-based spectrometry,
IoT-based orchard monitoring systems, computer vision-based counting of fruit on control
trees, and smartphone-based data collection and insight dissemination applications.

Keywords: precision agriculture; mango orchard management; UAV multi-spectral imagery;
vegetation indices; plant health classification; yield prediction; LSTM
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1. Introduction
Precision agriculture is increasingly adopted for resource optimization, productivity

enhancement, and minimizing environmental impact [1]. Recent technological advance-
ments in remote sensing and data analytics have accelerated this adoption [2]. Conventional
vegetation indices, such as the Normalized Difference Vegetation Index (NDVI) and the
Green Normalized Difference Vegetation Index (GNDVI), derived from remote sensing
satellite imagery, have proven applicability in assessing crops and plant vigor by detecting
stress conditions before these become visually apparent [3,4]. While applying this satellite
imaging-based analytical paradigm, perennial fruit crops like mango present unique chal-
lenges [5–7]. Mango trees have complex canopy structures with dense and heterogeneous
foliage leading to occlusion [8]. In addition space between the trees often has crops planted
or there is other vegetative growth [9,10]. This makes it difficult to fully discriminate under-
lying tree health conditions in low- to medium-resolution satellite imagery due to spectral
mixing [11]. Mango orchards also exhibit intra-orchard phenological variability due to tree
age, cultivar, or micro-climatic conditions [12,13]. To study and cater for this variability,
remote sensing data at higher temporal frequency and spatial resolution is required to
effectively discriminate spectral responses in various phenological stages [14]. Additional
factors like planting distance, tree age, structure and canopy area, orchard management
practices, and environmental stress also impact tree health and yield estimates [15]. This
scenario warrants accessible and affordable higher-spatiotemporal-resolution data, which
are often not available through satellite remote sensing, especially to the practitioners and
orchard managers in the field.

Unmanned aerial vehicles (UAVs) with multi-spectral and RGB cameras and other
sensors have demonstrated their utility in precision agriculture by addressing a few of
the above issues. Vegetation indices derived from unmanned aerial vehicles (UAVs) have
higher spatiotemporal resolution as compared to satellite imagery [16]. Thus, UAV-based
imagery analysis enables near real-time monitoring and dynamic crop management during
various growth stages [17]. UAV-based imagery has been applied effectively for the study
of a range of crops, including cereals, oil seeds, and fruit trees [18]. Mango yield at orchard
scale has been mapped using RGB UAV data by applying geographic object-based image
analysis (GEOBIA) and a canopy height model (CHM) [19]. While higher-resolution UAV
imagery presents a promising solution, its large data volume presents new challenges due
to the limitations of traditional imagery analysis techniques such as GEOBIA. This requires
the adoption of new data processing pipelines based on artificial intelligence algorithms.

Machine learning and deep learning approaches have been extensively utilized within
precision agriculture from disease detection to yield prediction [20,21]. Normally, the stud-
ies based on these approaches have used data of one snapshot from the crop’s phenological
cycle due to the construct of the algorithms, availability of the data, or objective of the
study [22,23]. In such scenarios, normal machine learning and deep learning models may ig-
nore the sequential dependencies in the crop growth cycle [24]. Recurrent neural networks
(RNNs), specifically Long Short-Term Memory (LSTM) networks, are well designed to ef-
fectively model temporal patterns [25]. LSTM networks incorporate memory cells to retain
information over extended periods and across stages, making them suitable for time-series
analysism where stage-wise context is crucial for classification and estimation [26].

A review of diverse LSTM applications in the context of precision agriculture (Table 1)
demonstrates their effectiveness both for normal crops, as well as fruit trees. Studies
on maize, wheat, and soybean have successfully used LSTM to estimate crop yield by
incorporating time-series vegetation indices and meteorological conditions [27–29]. In
irrigation scheduling, LSTM has been deployed with Sentinel-2 LAI and soil moisture
data to forecast irrigation needs in maize fields, outperforming traditional regression-
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based models in predictive accuracy [30]. Similarly, an LSTM model trained on IoT-based
matric potential and evapotranspiration data has been used in mango orchards to improve
irrigation forecasting and facilitate more efficient water use [31].

For fruit orchards, hybrid models combining LSTM with convolutional neural net-
works (CNNs) have been applied to predict cocoa yields by integrating climatic variables
with past production trends, thereby reducing forecasting errors as compared to statis-
tical methods [23]. In citrus yield estimation, UAV-based fruit counting was combined
with time-series analysis to predict orchard productivity, achieving minimal deviation
from actual harvest data [32]. An LSTM-integrated CNN model significantly improved
mango disease classification with higher accuracy than conventional classifiers in different
infection stages [33].

Table 1. LSTM applications for disease classification, resource optimization, and yield estimation in
precision agriculture.

Crop Type LSTM Application Data and Study Area Results

Maize, Rice, Soybean Yield estimation [27]
MODIS indices and meteo-
rological data
(China)

R2 = 0.76–0.80
RMSE = 375–519 kg/ha

Paddy, Maize, Ragi, Sugar-
cane, Cotton

Country-level yield fore-
casting [29]

Historical rainfall and yield
data
(India)

R2 = 0.99
RMSE = 1.14–2.31

Wheat Yield estimation [28] MODIS LAI time-series
(US)

R2 = 0.88
RMSE = 532 kg/ha

Maize Optimizing irrigation
schedule [30]

Sentinel-2 LAI, soil mois-
ture, and weather data
(Turkey)

R2 = 0.92
RMSE = 1.03

Mango Optimizing irrigation
schedule [31]

IoT-based matric potential
and evapotranspiration
(Colombia)

R2 = 0.99
RMSE = 1.56

Cocoa Yield estimation [23]
Climatic and production
data
(Nigeria)

RMSE = 28.41
MAPE = 9.77%

Citrus Orchard yield estima-
tion [32]

UAV-based fruit counting
with time-series analysis
(Brazil)

SE = 4.53%

Mango
Multi-disease classifica-
tion of mango leaves and
fruit [33]

UAV imagery, optimized
CNN-LSTM hybrid
(Benchmark dataset)

MCC = 84%

In the case of mango, satellite and UAV imagery data have been employed through
traditional and machine learning methods [5,34,35]. The incorporation of environmental
factors into the modeling process has allowed better insights regarding tree growth and
fruit development at different phenological stages [36]. Despite research advancements,
several gaps exist particularly related to mango orchards. There have been few studies
that have employed high-resolution satellite imagery or UAV RGB imagery. However,
general reliance is still on low- to medium-resolution satellite imagery, thereby lacking
the required precision for tree-level health assessment. While LSTM models have proven
effective in analyzing temporal sequences of environmental variables, their application
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in phenology-based mango yield prediction remains largely unexplored. Existing models
fail to integrate stage-specific variations in flowering, fruit development, and canopy
conditions, thus limiting their ability to track progression over time. By predominantly
relying on historical trends and canopy structure, yield prediction studies have also not
leveraged the higher-resolution vegetation indices from UAV imagery which can afford
better stage-wise insights.

Detection of vegetation colors during the phenological cycle is also an important
technique for the identification of critical stages like flowering, senescence, and disease
impacts [37]. For mango crops, color threshold techniques, Support Vector Machines
(SVMs), and convolutional neural network (CNN)-based Faster R-CNN have been em-
ployed to assess flowering intensity, for automated panicle detection, and to classify growth
stages [38]. A study has used GNDVI derived from UAV multi-spectral imagery to assess
thrips damage by identifying color changes in mango leaves [14]. However, normal vegeta-
tion indices relying on chlorophyll levels often underperform when used to detect flowers
in the case of mangoes because both new leaves and flowers exhibit lower chlorophyll
content [39]. With the amount of flowering a good indicator of tree vigor, developing a
dedicated index to measure the mango tree canopy area covered by flowers can potentially
enhance the accuracy of health and yield estimation models.

To address the identified research gaps, this study introduces MangiSpectra, an innova-
tive Multivariate Phenological Analysis Framework that leverages UAV imagery integrated
with LSTM for mango orchards and tree monitoring. The primary objectives are (1) to
explore and develop a phenological stage-based LSTM model for health classification; (2) to
introduce three novel vegetation indices for flowering detection, namely the Mango Tree
Yellowness Index (MTYI), Weighted Yellowness Index (WYI), and Normalized Adjusted
Flowering Detection Index (NAFDI); (3) to propose a Cumulative Health Index (CHI) to
monitor tree health for prompt in-season interventions; and (4) to enhance the accuracy of
yield estimation using decision trees.

2. Data Acquisition and Processing
2.1. Study Area

This research was conducted on two adjacently located mango orchards in the Multan
region of Pakistan (30.1575◦N, 71.5249◦E), which is a key area for commercial mango
production in the country (Figure 1). Each orchard has over 1300 mature, fruiting mango
trees of local varieties primarily Chaunsa Samar Bahisht (CSB), Sindhri (Si), Samar Chaunsa
(SC), and Langra, with sporadic presence of other varieties. The age of fruiting trees ranges
from 5 to over 40 years, with a median age of 27 years. Trees have a median height of 25 feet
with several trees over 50 feet tall [11]. Management practices combine both traditional and
modern agricultural techniques. The soil in the orchard is calcareous with a silt loam texture,
providing moderate water-holding capacity, but requires careful irrigation to maintain
optimal moisture. The calcium deposits challenge nutrient availability, demanding due soil
and nutrient management for tree health and productivity.

The region’s subtropical climate, with hot summers and mild winters, supports mango
growth but also poses challenges across phenological stages [40]. Cooler temperatures in
February and early March aid bud formation. Flowering occurs as temperatures rise in
March. April temperatures (up to 38 ◦C) promote fruit set, while May to July bring intense
heat, frequently exceeding 45 ◦C. This accelerates fruit growth but increases the risk of
heat stress. During this period, rainfall is minimal and hence irrigation is crucial. The
monsoon season in July introduces rainfall spikes, sometimes exceeding 70 mm, beneficial
but potentially leading to water-logging if excessive. By August, during the ripening stage,
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there are intermittent rains. Cooler temperatures and drier conditions in October mark the
post-harvest period and prepare the trees for dormancy.

Figure 1. The study area is located in Multan, Punjab, Pakistan, as shown in the inset maps. The
main experimental site, Orchard 1 (outlined in red), covers an area of 45 acres and contains 1305 trees.
The validation site, Orchard 2 (outlined in yellow), spans 55 acres with 1833 trees. The location of
both orchards is indicated in the high-resolution satellite image. The grid overlay provides geospatial
reference points, with latitude and longitude markers.

2.2. Tree Health Assessment and Orchard Management Data

Extensive data were collected to support health classification and yield prediction
models as shown in Table 2. Each tree was assigned a unique identification number, record-
ing its variety and age. Based on visual inspections in February, trees were categorized into
healthy, moderate, or weak. Yield ranges were tabulated according to variety, age, height, and
health category based on the knowledge of local experts.
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Table 2. Summary of the data types, collection and processing methods, and spatiotemporal resolu-
tions for experimental study.

Data Type and Description Collection and Processing Methods Spatiotemporal Resolution

UAV and Related Data
Unprocessed: Imagery with embedded
DLS data (RGB 20 MP, 5 multi-spectral
5 MP), GCPs, reflectance panel data.
Processed: Elevation (point cloud, DSM,
DTM, CHM), RGB ortho-mosaics, multi-
spectral reflectance mosaics processed into
vegetation indices and zonal statistics.

UAV flights at 100 m AGL with 80% over-
lap.
Processed using Pix4D, ArcGIS Pro, and
Python scripts.

Flight schedule aligned with phenological
stages.

Tree Attributes
Variety, age, canopy size (m2), height (m),
health status.

Field measurements and inspections. Annual and periodic health updates.

Orchard Management
Irrigation, pruning, pesticide, fertilizer ap-
plications, and field observations.

Farm management records and visual in-
spections.

Post-activity and aligned with phenologi-
cal stages.
Control trees and orchard level.

Yield Data (kg/tree)
Actual for control trees; yield estimates for
remaining trees.

Physical measurements and estimate ta-
bles.

Tree-level for control trees.
Orchard-level (total yield).

Weather Data
Temperature (°C), precipitation (mm),
wind speed (m/s).

Data sourced from Pakistan Meteorologi-
cal Department. Daily.

A randomized selection method was used for the selection of 200 trees in the main
experimental orchard to represent a diverse range of varieties, ages, and health statuses.
Their height and canopy volume were measured in March, and their health was monitored
through visual inspection after each UAV flight for reference and model validation. Orchard
management practices were documented, including dates and the amount of pruning,
trenching, irrigation, pesticide, and fertilizer applications. Pruned trees exhibit altered
reflectance responses, which change the CHM in-season, and recording this is an important
data point [12]. This may potentially affect health and yield classification accuracy. From a
nearby weather station managed by the Pakistan Meteorological Department, weather data
(temperature, precipitation, and wind data) were obtained.

2.3. Observed Yield Data

The mango yield dataset used to prime and train the models is based on two com-
ponents. For 200 control trees, yield (kg/tree) was physically measured post-harvest to
provide ground truth data for model validation. For the remaining trees in the first orchard
and the entire validation orchard, yield estimates were obtained using attribute-based
estimation methods. Yield tables were prepared by experts based on historical local yield
trends as observed by the Mango Research Institute (MRI) Multan and correlated with the
tree attributes (variety, age, canopy size, and health status) [41–43]. Yield estimate for each
variety was further categorized as per three tree health classes, i.e., healthy, moderate, and
weak, with typical planting distances of about 40–45 feet in fertile soils and sound manage-
ment practices. As per the local expert knowledge, healthy trees produce at full capacity,
moderate trees around 60%, and weak trees about 30%. Yields tend to increase steadily
from 10 to 20 years, growing at roughly 20% each year until 30–40 years. After 40 years,
there is a decline in the yield which is rapid in the case of poor canopy management. Proper
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canopy management helps in sustaining yields after 20 years, while its absence may cause
a 25–50% drop past 40 years. CSB variety peaks at about 350 kg per tree in the 20–40-year
range, Si and Langra reach around 300 kg, while SC achieves a yield of about 275 kg per
tree. Even within the same age and health category, yields can vary by ±25% depending on
canopy size, management practices, and the yearly asynchronous variations that are typical
of local mango varieties [43]. Figure 2 shows these experts prepared estimates graphically.
These estimations were then validated using the control tree dataset to ensure accuracy and
were used to prime the models. As noted by other researchers, collecting accurate yield
data is one of the most difficult tasks [35]. Thus, cumulative commercial tonnage sold from
the orchards was also noted to provide an extra reference data point.

Figure 2. Mango yield estimates across different varieties, age groups, and health conditions, showing
variations in productivity based on cultivar type and overall mango tree health.

2.4. Imagery Data Acquisition and Processing

A DJI Mavic 3M quadcopter was used for imaging. It is equipped with a multi-spectral
camera with five spectral bands, i.e., Green (560 nm ± 16 nm), Red (650 nm ± 16 nm),
Red Edge (730 nm ± 16 nm), Near-Infrared (NIR; 840 nm ± 26 nm), and an RGB camera
with 20-megapixel resolution [44]. Its Downwelling Light Sensor (DLS) was used for
radiometric calibration in combination with the MicaSense Calibration Panel. A DJI D-RTK
2 Mobile Station was used for high-precision GNSS correction during flights and to record
the ground control points for precise geo-referencing of the imagery across flights [45].

Best practices for imagery acquisition for agricultural applications as prescribed by
the quadcopter manufacturer were adhered to [11,44]. Using DJI Pilot 2 software, flights
were always conducted under clear sky conditions between 09:00 to 12:00 local time to
maintain consistent lighting and reduce the effects of shadows. Flights were undertaken at
altitudes of 100 m above ground level with 70% front and 80% side overlaps. A uniform
flight pattern was used for all the flights. The flight schedule was aligned with six critical
phenological stages of mango development for temporal analysis (Table 3).
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Table 3. Flight dates and corresponding phenological stages of Mango crop.

Phenological Stage Flight Dates Description

Pre-Flowering 27 February 2024 Dormancy stage with minimal veg-
etative activity and early bud devel-
opment.

Flowering and Full
Bloom

10 March 2024, 24 March
2024

Emergence of panicles followed by
full bloom and initial fruit set.

Fruit Set 21 April 2024 Formation of fruitlets.

Early Fruit Devel-
opment

19 May 2024, 9 June 2024 Rapid fruit growth and increased re-
productive activity.

Mid to Late Fruit
Development

28 June 2024, 26 July 2024 Fruits approaching full size, with
some showing signs of ripening.

Ripening and Post-
Harvest

24 August 2024, 24
September 2024

Fruits ripening, harvest period, fol-
lowed by transition into dormancy.

2.5. Data Processing

Imagery from UAV flights was processed using Pix4D Mapper 4.9.0. For this purpose,
prescribed workflows in the software documentation were followed [46]. The Pix4D
processing pipeline included tie-point matching, bundle block adjustment, point cloud
generation, and ortho-rectification. A ground sampling distance (GSD) of 2 cm/pixel for
RGB imagery and 5 cm/pixel for multi-spectral imagery was achieved. Photogrammetric
point clouds, digital surface models (DSMs), digital terrain models (DTMs), band reflectance
mosaics, and vegetation indices were derived. These were processed to calculate structural
parameters such as tree height, canopy volume, and canopy, which are basic constituents of
CHM and derive zonal indices from band vegetation indices using a combination of Pix4D
Mapper 4.9.0, ArcGIS Pro 10.3, and Python 3.12 scripts [11].

3. MangiSpectra: Preliminary Formulations and Pre-Processing Modalities
MangiSpectra’s data-driven pipeline is shown in Figure 3. The framework integrates

UAV-based remote sensing data, carefully collected ground truth data, and feature en-
gineering in each phenological stage to enable tree-level health classification and yield
estimation. By leveraging spatiotemporal features for LSTM training, the output of the
MangiSpectra includes predicted health classes and yield estimates of individual trees.

3.1. Spectral Analysis: Canopy Segmentation and Vegetation Indices
3.1.1. Canopy Detection and Segmentation

Accurate localization and segmentation of mango canopies are necessary for reliable
vegetation index-based spectral analysis. For canopy detection and segmentation of mango
tree canopies, this study builds upon the recent foundational work on the same orchards by
the authors of [11]. Following the procedure described therein, a pre-trained You Only Look
Once (YOLO) localized the tree canopies to bounding boxes, and the Segment Anything
Model (SAM) precisely delineated the canopies. The resulting geo-tagged polygons were
then used for the computation of the trees’ physiological parameters, such as canopy area,
height, and volume, as well as for the calculation of zonal statistics for various indices.
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Figure 3. Overview of the four-staged integrated MangiSpectra framework for tree-level health and
yield estimation.

3.1.2. Conventional Vegetation Indices

From each flight data, a total of nine vegetation indices were calculated. RGB-based
indices included MCARI (Modified Chlorophyll Absorption Ratio Index) and VARI (Visible
Atmospherically Resistant Index), while multi-spectral indices, namely RENDVI (Red Edge
NDVI), NDVI (Normalized Difference Vegetation Index), NDRE (Normalized Difference
Red Edge), GNDVI (Green NDVI), EVI (Enhanced Vegetation Index), SAVI (Soil-Adjusted
Vegetation Index), and LAI (Leaf Area Index) were derived. Theoretical aspects, mathe-
matical formulae, and practical applications of these indices in the context of precision
agriculture in general and in the study of mango are already well documented and hence
are not being reproduced [47].

These indices were normalized to the range of −1 to 1 using min-max normalization.
The normalization process is achieved as follows:

vnormalized = 2 · v − vmin

vmax − vmin
− 1 (1)

where v represents the original value, vmin is the minimum value in the dataset, and vmax is
the maximum value. The formulation in (1) ensures that all values are scaled proportionally
within the range [−1, 1].

Figure 4 shows a visual representation of 12 mango trees in RGB imagery and GNDVI
on different dates. During data pre-processing, vegetation indices for tree canopies through
zonal statistics were calculated for different phenological stages (Figure 5). A consistently
increasing trend was observed from pre-flowering, reaching a peak during early fruit
development followed by a decline in the values of these indices, which is generally
aligned with the findings in similar studies on mango phenology [6,48,49]. Using the mean
of normalized zonal statistics for various indices for every tree provided an insightful
visual comparison during various phenological stages.
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Figure 4. Unsegmented tree canopies of the same group of 12 mango trees over different flight dates in
Orchard 1 showing the effect of underlying vegetation. (Left): RGB image; (Right): Normalized GNDVI.

Figure 5. Cumulative trend of key vegetation indices across phenological stages at Orchard 1.

3.2. Development of Mango Flowering Spectral Indices

As mango trees emerge from dormancy, the emergence of new vegetative growth and
flower panicles signals the tree’s vitality and reproductive readiness. Hence, monitoring
mango flowering is pivotal for health and yield estimation. The distinctive cream-yellow
hue of panicles affords an interesting opportunity to measure the degree to which flowers
cover tree canopy [39,40]. As normal vegetation indices lack the required sensitivity to
measure flowering intensity, there have been several studies to develop flowering-specific
indices. Faster R-CNN-based algorithms have been utilized to detect white flower clusters
in the case of apple orchards [37]. To detect yellow flowers, the utility of canola-specific
indices has been demonstrated [50,51]. For the mango itself, ground-based RGB imaging
for the measurement of mango flowering intensity has been utilized [38]. Leaf damage due
to changes in leaf color caused by thrips in mango orchards has been measured using a
modified Maximum-Likelihood Classifier (MLC) and multi-spectral drone imagery [14].
However, there are not many studies specifically focused on measuring the degree of
mango tree canopy covered by flowers during the flowering stage.

To improve the robustness of MangiSpectra by addressing this gap, three novel indices
have been developed, i.e., the Mango Tree Yellowness Index (MTYI), the Weighted Yel-
lowness Index (WYI), and the Normalized Adjusted Flowering Detection Index (NAFDI),
to capture the unique spectral characteristics of mango canopies during flowering and
leveraging the high spatiotemporal resolution afforded by the UAV imagery.
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3.2.1. MTYI

It is a multi-spectral normalized difference index developed to capture the cream/pale
yellowish hue of mango flowers during the flowering season. MTYI emphasizes the
Green (G) and Red (R) channels while reducing the impact of the Red Edge (RE) and
Near-Infrared (NIR) bands. The MTYI is calculated as follows:

MTYI =
(G + R)− (RE + NIR)
(G + R) + (RE + NIR)

(2)

where:

• G = Reflectance in the G band (helps in distinguishing yellowish hues of flowers from
the surrounding green foliage);

• R = Reflectance in the R band (sensitive to chlorophyll absorption of the green foliage);
• RE = Reflectance in the RE band (indicative of plant stress and leaf area);
• NIR = Reflectance in the NIR band (correlated with biomass and leaf structure).

The band grouping in MTYI is performed to leverage the reflectance properties of
mango flowers and leaves during anthesis. Mango leaves strongly absorb red light because
of their chlorophyll content while also moderately reflecting green light [14]. The combina-
tion of G and R bands ensures that the floral spectral response is less affected by chlorophyll
absorption and enhances the discrimination of flowers from leaves [39]. Healthy green
leaves show strong reflectance in the RE and NIR bands due to leaf structure, and hence
grouping these effectively isolates the leaves. Subtracting this from the (G + R) combina-
tion minimizes the influence of dense leaf cover, thus enhancing flower detection. Being a
normalized index, MTYI’s output remains consistent under varying lighting conditions,
shadows, or sensor calibration differences. It enhances comparability and aids analysis by
providing clear thresholds for strong floral presence. High MTYI values indicate dense
flowering, while low or negative values correspond to regions with minimal flowering.

3.2.2. WYI

WYI is a weighted multi-spectral index developed to enhance flowering detection by
emphasizing flowering-related spectral bands (G and R) while reducing the contributions
of NIR and RE, which are more associated with vegetation and chlorophyll. The WYI is
computed as follows:

WYI =
0.5 · G + 0.3 · R − 0.1 · NIR − 0.1 · RE
0.5 · G + 0.3 · R + 0.1 · NIR + 0.1 · RE

(3)

While the WYI follows the same spectral logic as MTYI, it uses custom weighting
factors for each band to further enhance flower detection. Unlike MTYI, it assigns distinct
emphasis to each band based on empirical findings of its contribution towards mango
flower and foliage reflectance. Higher weights assigned to G (0.5) and R (0.3) emphasize
the mango flowering response, while lower and negative weights assigned to NIR (−0.1)
and RE (−0.1) suppress leaf and chlorophyll reflectance. This weighted approach was
validated through preliminary field measurements. The coefficients were subsequently
chosen to maximize the contrast between flowering canopies and surrounding vegetation.
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3.2.3. NAFDI

NAFDI is an RGB-based index that utilizes high-resolution RGB imagery from the
Mavic 3M to detect the spectral hue of mango flowers. The index is computed as follows:

NAFDI =

(
R

180

)
×

(
G

150

)
×

(
1 − Blue

255

)
(

R
180

)
×

(
G

150

)
×

(
1 − B

255

)
+ 1

(4)

where the constants 180, 150, and 255 normalize the respective RGB components to balance
their influence in the computation. These were empirically determined to normalize the
dynamic range based on observed flowering intensity in calibration datasets.

NAFDI utilizes the higher sensitivity of the R channel [0,255] range to carotenoid
pigments in the mango flowers coupled with the G to detect flowers. The blue channel
(B) is used to reduce interference from non-flowering elements. The constants, which
are empirically derived normalizing factors, ensure that each RGB channel contributes
effectively to the NAFDI to emphasize floral reflectance while minimizing variability
arising from lighting and background vegetation. This approach was validated through
preliminary field trials under typical orchard conditions. Higher NAFDI values indicate
regions with intense flowering, whereas values approaching 0 signify non-flowering areas.

Figure 6 demonstrates the temporal dynamics of mango flowering as detected by
the three indices on three dates (9 March 2024, 24 March 2024, and 21 April 2024) using
the above indices. The RGB images (first row) provide a visual representation of canopy
changes, while the index maps (subsequent rows) quantify the distribution of floral abun-
dance. The flowering is sparse on the 9th of March being the early season, whereas by the
24th of March, the yellowness increases, and peak floral bloom is reached. By the 21st of
April, flowering declines. As tree canopies have been precisely segmented, mean values of
these indices for each tree on three flight dates were calculated using the zonal statistics
feature of ArcGIS and then exported as a CSV file for use in LSTM.

3.2.4. Per-Flight Cumulative Health Index (CHI) for In-Season Recommendations

One of the unique features of UAVs is their ability to afford very high frequency of data
during a phenological cycle. The availability of vegetation indices soon after every flight
presented an excellent opportunity to undertake per-flight health classification of trees for
in-season intervention recommendations to the orchard managers. Thus, a Cumulative
Health Index (CHI) was developed for stage-specific health assessments using weighted
combinations of normalized vegetation indices. These weights were assigned based on the
earlier research and expert knowledge as per each phenological stage [6,52,53]. Inferences
were shared with orchard managers and helped them to focus on weak trees for prompt
remedial actions.

For each phenological stage, the stage-specific CHI is computed as a weighted sum of
normalized indices. The CHI is calculated as follows:

CHIStage =

n
∑

i=1
wi · Ii

n
∑

i=1
wi

(5)

where:
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• wi = Weight assigned to the ith index, reflecting its relative importance in the given
phenological stage.

• Ii = Normalized value of the ith index, scaled within the range of −1 to 1.
• n = Total number of spectral indices considered in the computation.

Figure 6. Progression of flowering from March to April 2024 as detected by Mango Tree Yellowness
Index (MTYI), Weighted Yellowness Index (WYI), and Normalized Automatic Flowering Detection
Index (NAFDI) on the canopy of the same tree. RGB UAV imagery in the top row is for visual
reference. The color scale represents the relative density of flowers, with red indicating a lower degree
of flowering and green indicating higher.

A sample outcome of the health classification based on CHI from the 24 March flight is
presented in Figure 7. This example illustrates the application of the methodology, demon-
strating how CHI-based classification maps were generated and subsequently handed over
to orchard managers for on-ground verification and intervention. This step was crucial in
validating the approach before its broader application in the study.
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Figure 7. Sample of per-flight health classification and in-season farming intervention recommen-
dations. The map shows the health of categories of trees in Orchard 1 on 24 March 24 during the
flowering stage.

4. MangiSpectra: LSTM-Based Health Classification and Yield Estimation
4.1. Health Prediction: Multivariate Time Series Classification

MangiSpectra employs multivariate time-series data for each tree in the study area
based on vegetation indices covering discrete temporal intervals to classify tree health
during the phenological cycle.

4.1.1. Data Structure for Multivariate Time Series

Each tree in the orchard is represented by a multivariate time series of vegetation
indices collected over N UAV flights during the phenological cycle. For X trees and J
vegetation indices per flight, the dataset T is structured as a 3D tensor of shape (X, N, J),
where each element Px(n, j) represents the j-th vegetation index at the n-th time step for
tree x:

T = {Px(n, j) | x = 1, . . . , X; n = 1, . . . , N; j = 1, . . . , J}

Each tree is assigned a health label from three classes: weak (0), moderate (1), and
healthy (2). The complete label set is represented as Y = {yx | x = 1, 2, . . . , X}, where
yx ∈ {0, 1, 2}.

4.1.2. LSTM Architecture for Health Classification and Yield Estimation

Figure 8 abstracts the working of the LSTM component within the MangiSpectra
framework. For input to the LSTM, each tree’s time series tensor Tx is structured as (N, J),
where N = 9 represents the number of UAV flights (time steps), and J = 12 denotes the
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number of vegetation indices. The LSTM processes each tree’s time series sequentially to
capture temporal dependencies within the phenological data.

Figure 8. Utilization of LSTM component within the MangiSpectra framework for health classification
and yield estimation.

The hidden and cell states are initialized as zero and updated at each time step n using
standard LSTM operations for forget, input, and output gates and candidate cell states.
These operations enable the model to selectively retain or discard information across time
steps. After processing all N time steps, the final hidden state hx(N) is passed through a
softmax layer to predict the health class probabilities for tree x:

ŷx = Softmax(Whx(N) + b)

The model is trained using the cross-entropy loss function:

L = −
X

∑
x=1

2

∑
c=0

yx(c) log(ŷx(c))

where yx(c) is the true label for class c, and ŷx(c) is the predicted probability for tree x.

4.1.3. LSTM Training for MangiSpectra

The LSTM network is implemented in PyTorch 2.6 and comprises four stacked LSTM
layers, each with 256 cells, followed by dropout layers to prevent over-fitting and a final
softmax output layer. Each tree’s time series tensor Tx, structured as (N, J), is processed
sequentially by the LSTM to capture temporal dependencies across the phenological stages.

To address the class imbalance, inverse frequency weighting is applied to the labels
during training. The model’s hyperparameters were tuned through grid search final
parameters and are summarized in Table 4. The dataset was split into 80% training and
20% testing, ensuring an even distribution across health categories. To evaluate the model’s
generalization ability, a cross-validation approach was used.

The training was performed as per Algorithm 1, and the model’s performance was
evaluated at each epoch using accuracy, precision, recall, and F1 score metrics. Validation
and testing are conducted with fixed random seeds to ensure reproducibility.
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Algorithm 1: MangiSpectra Training Cycle for LSTM Model

Input: Dataset T with shape (X, N, J), Labels Y
Output: Trained LSTM model

1 Initialize parameters, optimizer, and random seed;
2 for epoch = 1 to num_epochs do
3 Shuffle T, split into batches;
4 foreach batch Bi do
5 Process each tree x sequentially, updating hidden and cell states via LSTM;
6 Compute cross-entropy loss L;
7 Back-propagate loss and update parameters;
8 end
9 end

Table 4. Hyper-parameters for LSTM training in MangiSpectra.

Hyper-Parameter Value

Dropout Rate 0.3
Number of Epochs 2000

Learning Rate 10−6

Batch Size 1024
Optimizer Adagrad

LSTM Layers 4
Cells per Layer 256

4.2. Yield Estimation: Leveraging Auxiliary Static Data with Decision Tree Approach

The predicted health classes ŷx are augmented with auxiliary features Sx for each tree
x, including static data such as weather:

Sx = [Weather, Agex, Varietyx, CanopyVolumex, TreeHeightx]

The complete input for each tree x is represented as (Tx, Sx, ŷx), where Tx is the time-
series tensor, and Sx is concatenated with the LSTM’s output ŷx to estimate yield using a
conditional decision tree approach incorporating prior knowledge about how factors such
as variety, age, and health status influence yield [54].

Algorithm 2 outlines the generalized process for yield estimation based on Sx. This
pseudo-algorithm mimics the nested conditional structure used in the implementation. The
whole process ensures adaptability across varying tree characteristics and orchard conditions.

4.3. Evaluation Metrics

To comprehensively evaluate the performance of both health classification and yield
estimation, several metrics are calculated based on the model’s predictions. The primary
evaluation metrics for health classification are accuracy, precision, recall, F1 score, and
confusion matrix, while for yield estimation, mean absolute error (MAE), mean squared
error (MSE), and R2 are utilized to assess prediction accuracy.

4.3.1. Health Classification Metrics

Accuracy measures the proportion of correct classifications:

Accuracy =
1
X

X

∑
x=1

1{arg max(ŷx) = yx} (6)

where 1{·} is the indicator function.
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Precision, recall, F1 score, and a confusion matrix were used to evaluate the perfor-
mance for each health class c.

Algorithm 2: Yield Estimation for Mango Trees

Input: Input (Tx, Sx), where
Sx = [Weather, Agex, Varietyx, CanopyVolumex, TreeHeightx]

Output: Estimated yield Yieldx

1 foreach tree x do
2 Extract ŷx, Sx;
3 if Varietyx matches predefined conditions then
4 if Weather, Agex, CanopyVolumex, TreeHeightx fall within specific ranges then
5 Estimate yield based on ŷx and matching attribute ranges;
6 end
7 else
8 Assign yield based on default baselines;
9 end

10 end
11 else
12 Use general yield estimation for unmatched varieties;
13 end
14 Save Yieldx;
15 end

4.3.2. Yield Estimation Metrics

To evaluate the performance of yield predictions, error-based metrics quantify the
deviation between predicted yield ˆYieldx and actual yield Yieldx:

MAE =
1
X

X

∑
x=1

| ˆYieldx − Yieldx| (7)

MSE =
1
X

X

∑
x=1

( ˆYieldx − Yieldx)
2 (8)

The R2 metric measures the proportion of variance in actual yield explained by the
predictions:

R2 = 1 − ∑X
x=1(Yieldx − ˆYieldx)2

∑X
x=1(Yieldx − Yield)2

(9)

where Yield is the mean of the actual yield values.

5. Results and Discussion
5.1. Health Classification
5.1.1. LSTM Model Training and Accuracy

The LSTM model was trained on a tri-class classification task (healthy, moderate, weak)
using the multivariate phenological time series as the input. This input is a combination of
standard indices and the three newly developed yellowness indices. Figure 9 shows the
key performance metrics across the training and testing phases.
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Figure 9. Key performance metrics of the LSTM model for tree health classification: (a) training
and test accuracy over epochs, (b) confusion matrix, (c) ROC curves for each class, and (d) F1 score,
accuracy, and class distribution.

The accuracy curves (Figure 9a) indicate that the model convergence is around 90%
training accuracy, with test accuracy stabilizing around 93%, beginning at approximately
epoch 2000. The gap between training and test accuracy indicates that the model generalizes
well to unseen data, with minimal over-fitting.

The majority of predictions fall along the diagonal (Figure 9b), showing good classifi-
cation performance of the model. The model correctly predicts 36 weak samples, 83 moderate
samples, and 116 healthy samples. However, there are some classification errors as well.
Nine weak samples are wrongly classified as healthy and four as moderate. Similarly, five
healthy samples are misclassified as weak and five as moderate. Overall, the moderate class
shows the best outcome, with only a few classification errors.

The model is quite effective at differentiating between the classes (Figure 9c). An AUC
of 0.85 for the weak class indicates an average performance. Here, too, the moderate class
reflects excellent separability with an AUC of 0.96. The healthy class also performs well,
with an AUC of 0.92.

The model performs well for the classes with large samples (Figure 9d). An F1 score
and accuracy of approximately 0.85 for the weak class is slightly lower than the other classes.
This is likely due to a smaller sample size (49 instances), a fact which is attributed to the
reason that mango is a cash crop. Moreover, with the help of CHI, orchard managers
undertook a very prompt intervention against any indication of plant stress. Thus, the
sample size is apt to remain small. For its 85 instances, the moderate class achieves an F1 score
and accuracy near 0.9. The healthy class too demonstrates an equally good performance for
both metrics. Overall, the LSTM model effectively leverages the phenological time-series
combination of vegetation and flowering indices.
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5.1.2. Analytical and Experimental Validation

The health analysis of trees in the orchard using the proposed MangiSpectra frame-
work is presented in Figure 10. A majority of trees are classified as moderately healthy,
particularly in the age range of 30 to 40 years (Figure 10a). Weak and healthy classes are
less common but spread across various age ranges. A slight concentration of weak trees in
the younger (5–15 years) and older (40–45 years) age groups was observed. This pattern
suggests that middle-aged trees (20–40 years) tend to be in better health, while younger
and older trees are more prone to health challenges.

Figure 10. Analysis of tree health in the orchard using the MangiSpectra framework: (a) age distribu-
tion by tree health status, (b) model accuracy comparison, (c) age distribution by model agreement
on tree health status, (d) age distribution by tree health status and MangiSpectra prediction.

The health classification component of the framework was validated against the
AdaBoost classifier (Figure 10b). Both methods performed effectively, with MangiSpectra
achieving a slightly higher accuracy of approximately 93% compared to AdaBoost’s 91%.
MangiSpectra’s marginally better performance presents it as a reliable alternative for tree
health assessments.

Both models also tend to agree on health status predictions (Figure 10c). The age
distribution shows a concentrated range, especially for moderately healthy trees in the
age group of 20–35 years. However, disagreements between models are more frequent
among younger (5–15 years) and older (40–45 years) trees. This indicates limitations in the
models’ predictive consistency for these age groups. Additional training data or model
adjustments may be needed to improve prediction consistency across all age ranges and
make the framework more generalizable.
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Figure 10d shows that MangiSpectra predictions for moderately healthy trees are fairly
consistent across all ages, indicating no significant age bias. For weak and healthy trees,
the predictions show more variance, particularly among younger and older trees. This
suggests that MangiSpectra may struggle to predict extreme health conditions consistently
for trees at the age extremes.

5.1.3. Spatial Distribution of Classification Clusters

The spatial distribution of tree health zones is shown in Figure 11. The visualization
highlights variations in tree health across the orchard. The size of the points is normalized
as per the canopy volume of each tree. The map shows classification clusters helpful
for orchard managers to identify areas requiring interventions. These interventions may
include pest control, soil improvement, or nutrient application in risk zones.

Figure 11. Spatial distribution of tree health as estimated by MangiSpectra for Orchard 1. Each dot
represents an individual tree, categorized into three health classes: healthy (green, 639 trees), moderate
(yellow, 405 trees), and weak (red, 261 trees). The background heat map provides an interpolated
health estimate, highlighting areas of varying tree conditions with greenish arcs indicating prevalence
of healthier trees, yellowish indicating moderate, and reddish areas showing clustering of weak trees.
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5.2. Yield Estimation
5.2.1. Experimental Validation

The decision tree component of the MangiSpectra framework was compared with
the Random Forest model. The choice was considered logical as Random Forest is a
meta-estimator that fits various decision tree regressors over snapshot samples of data.

Figure 12 illustrates the relationship between actual yields and the predicted values
from the original and validation models. The MangiSpectra shows an R2 = 0.21, indicating
a modest correlation with actual yields (Figure 12a). An MAE = 36.99, and RMSE = 50.18
suggest a generally reasonable estimation error. The Random Forest model, with an
R2 = 0.18, MAE = 31.93, and an RMSE = 50.88 indicates (Figure 12b) that both models
capture variability in yields with comparable accuracy.

The comparison also shows that the models produce close predictions (Figure 12d). Slight
variations may indicate different model sensitivities to underlying factors influencing yield.

Lastly, the scatter of yield versus plant age shows no pronounced trend (Figure 12c). To
gain better insight into this, additional data points may be required to establish age-related
yield-influencing factors to improve predictive accuracy.

Figure 12. Comparison of actual yield with model predictions: (a) actual yield compared with
MangiSpectra estimate, (b) actual yield compared with Random Forest estimate, (c) estimated yield
of MangiSpectra correlated with age, and (d) predicted yields of MangiSpectra and Random Forest.

5.2.2. Spatial Distribution of Yield Estimates

Figure 13 illustrates the spatial distribution of yield estimates across Orchard 1 demon-
strating the ability to provide orchard-scale yield trends. The dominantly green areas
indicate optimal yield performance zones. Ground visits confirmed that these zones had fa-
vorable growing conditions such as quality of soil and adequate water availability. Conversely,
yellowish-red clusters indicate suboptimal yield zones linked to localized issues like pest
infestations, poor soil health, insufficient irrigation, and suboptimal nutrient management.



Remote Sens. 2025, 17, 703 22 of 26

Figure 13. Spatial distribution of yield estimates in Orchard 1. Individual trees are represented by
circles. Circle sizes correspond to the normalized yield, while colors indicate yield estimation: low
(red), moderate (yellow), and healthy (green). The gradient background depicts yield estimate zones
from low (red) to high (green).

5.3. Application of MangiSpectra on Validation Site Orchard

MangiSpectra is finally applied on the validation orchard for health assessment as
shown in Figure 14. A pre-trained LSTM classifier on the original experimental orchard
was used for this purpose with input time-series related to the validation orchard. It can be
seen that the majority of trees in the central and northern regions of the orchard exhibit
better health scores, a fact that was confirmed on the ground. On the other hand, areas
towards the southern and southwestern edges demonstrated a noticeable decline in health.
On-ground inspection revealed that there is a higher density of weak trees in the area.

5.4. Addressing Limitations of Traditional Remote Sensing Methods

UAV imagery offers significant advantages in terms of spatial and temporal resolution,
but it is still not immune to canopy occlusion and limited canopy penetration.

MangiSpectra employs several key strategies to address these limitations. First and
foremost, it utilizes high-resolution UAV imagery combined with object detection and
segmentation to reduce spectral mixing. Secondly, the LSTM-based two-stage approach
captures the temporality of indices over multiple phenological stages. This mitigates the
impact of occlusion at a single time point. Thirdly, the indices are specifically designed to
be sensitive to flowering intensity. This ultimately allows for a more accurate health and
yield assessment compared to chlorophyll-based conventional indices.

The performance of MangiSpectra is validated against traditional machine learning
techniques. In health classification, it achieved a slightly higher accuracy (93%) compared
to AdaBoost (91%). For yield estimation, it performed comparably to the Random Forest
model (R2 = 0.21 and R2 = 0.18, respectively). The framework’s novelty lies in the fact that
previous research has not fully leveraged UAV-derived spectral indices or phenological
data for orchard health mapping and yield estimation in mango crops.
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Figure 14. Spatial distribution of health classification over Orchard 2.

6. Conclusions
This study introduced a practical and effective framework for near-real-time health and

yield monitoring of mango orchards, as well as end-of-season cumulative health and yield
estimation. UAV-based multi-spectral and RGB imagery are utilized with object detection
and segmentation deep learning models to build a rich dataset containing multivariate
phenological time series, environmental constraints, expert farm management variables,
and tree canopy properties. An LSTM classifier is trained on a temporal subset to classify
tree-level health. The health classification labels are subsequently concatenated with the
static spatial and auxiliary data. This is fed to a decision tree with pre-set baseline conditions.
The decision tree fits a regressor to estimate tree-level yield. The health classifier and yield
estimator are validated against the Adaboost and Random Forest algorithms, respectively.

By capitalizing on LSTM’s capabilities, MangiSpectra accurately captures complex
temporal patterns in tree growth and environmental interactions, resulting in reliable health
classification and yield predictions. The results of this framework were compared and
validated against AdaBoost and Random Forest, which have proven applications for health
classification and yield estimation [19,54]. MangiSpectra therefore has the potential to
be a robust tool for near-real-time mango orchard management and yield optimization.
It can be modified and extended to other perennial fruit crops such as avocado after
crop-specific retraining.

7. Future Work
Future work could explore the potential of expanding the dataset to cover a wider

range of orchard conditions and incorporating additional environmental factors. Moreover,
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the algorithms used may be made more computationally efficient and fine-tuned. In
addition, the potential of attention-based classifiers can be explored with more advanced
yield estimators. Low-cost LiDAR and hyper-spectral cameras equipped with UAVs can
further enhance the accuracy of research, especially for variety-based insights during the
phenological cycle and improving the CHM. An extension of the framework through a
smartphone and web-based application can be evaluated to ensure that orchard managers
in the field can easily benefit. Integrating output from additional sensors, such as IoT-based
soil sensors and handheld spectrometers and radiometers, can improve the more accurate
recording of ground data, especially during vegetative growth, flowering, measuring
distress, and harvesting.

It is also important to note that variability in orchard management practices, such as
selective pruning, impacts canopy reflectance properties. It is recommended that records of
pruning related to date, amount, type, and tree be kept and included. Future studies may
account for pruning history as an additional variable in the predictive models.

Furthermore, UAV-based data can be further integrated with high-resolution satellite
imagery for spectral response comparison. This will enhance scalability and long-term
monitoring. A broader spatial coverage through satellite is also possible with fine-grained
insights provided by UAVs.

Data collection from the field for MangiSpectra and the dissemination of inferences to
the orchard manager could benefit from a smartphone-based application, thus enhancing
the practical application of the framework.

With these advancements, MangiSpectra has the potential to evolve into a more
adaptable and reliable tool, empowering researchers and farmers with actionable insights
to boost orchard productivity and sustainability.
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