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Abstract: Adapted harvest robotic fruiting in orchards faces serious challenges: variability in the
orchards' lighting, partial occlusions, irregular fruit positions, and damage-free handling. Most
existing systems that carry out vision-based detection of fruits only use RGB imagery; hence, this
limits their segmentation accuracy under shadowed or glare-affected conditions. Generally, the
motion planning and gripping strategies in traditional robotic features lack adaptability in dynamic
environments and fruit variability in process. As a result, the multi-stage robotic fruit harvesting
framework proposed in this work includes, but is not limited to, five methods of synergistic
advancement. Method 1 — Adaptive Multispectral Fruit Segmentation using Hybrid Attention
Fusion (HAF) involves RGB and low-cost near Infrared images fused through spatial and spectral
attention modules, allowing for more accurate pixel segmentation, especially with regards to
occlusion handling. Method 2 — Dynamic Arm Trajectory Optimization by means of BIO-TO: By
simulating tendril-like structure growth, BIO-TO obtains obstacle-unaware by minimal-energy
arm trajectories which are adaptable to the uncertainty of positions. Method 3-segmented Context-
Aware Grasp Force Modulation (CA-GFM): methods include real-time grip strength adaptation
using tactile feedback and ripeness conjecture by reinforcement training to ensure the least fruit
damage. Method 4-Direct Yield Estimation through the Harvest Event Mapping (YEM) records
pluck events spatially mapped to generate real-time yield-maps of the orchard. Method 5- PMR-
HS- Predictive Multi-Robot Harvest Scheduling is where cooperative learning is applied to
optimize the task allocation among multiple robots according to yield predictions and operational
constraints. Evaluation results (=97% precision for detection, 8% iou gain compared to RGB-only
models, 15% energy savings in the arm motion, <2% damage on fruits, and <5% on yield estimates)
indicate that incorporated efficiencies make a contribution toward enhanced detection robustness,
efficiency in harvesting, droplet quality preservation, and broad scalability in modern orchards.
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1. Introduction

This has thus emerged as a promising area of research in precision agriculture and is expected to
contribute towards automation of fruit picking, particularly due to a shortage in manually available
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labor, increasing operational costs, and warranted consistency of yield quality per commercial orchard.
Advances in machine vision, robotics, and Al have enabled in recent years [1, 2, 3] the development
of autonomous harvesting systems that recognize, localize, and pick fruits without much human
intervention sets. However, such fully integrated solutions remain scarce for operation under real-
world orchard conditions [4, 5, 6]. These include variability in natural illumination, partial occlusions
by foliage, diverse shapes and ripeness stages of fruits, and unstructured obstacles. Traditional methods
for fruit detection depend on RGB images, which tend to be impaired by light artifacts like shadows,
reflections, or overexposure. As such, their accuracy fundamentally varies under the sun angles in the
early morning or late afternoon or in shaded canopy regions. Moreover, robotic arms control pre-
computed or static trajectories by existing systems and fail to adapt to environmental changes, resulting
in inefficient motion and unintended collisions. The same applies to fixed-force gripping mechanisms
that lack sensitivity to firmness variability in fruits, leading to mechanical damage or incomplete
detachment sets. Thus, integrated yield estimation as well as cooperative scheduling mechanisms can
further enhance scalability and operational efficiency in large orchards using multi-robot deployments.

In summary, this work presents an integrated, comprehensive framework for robotic fruit harvesting
that encompasses multispectral views, bio Inspired movement planning, adaptive gripping, yield
mapping, and cooperative scheduling, converging them all as a structure within its operational
pipeline. The entire program consists of five interrelated techniques or approaches, Adaptive
Multispectral Fruit Segmentation using Hybrid Attention Fusion (HAF), Dynamic Arm Trajectory
Optimization via Bio Inspired Obstacle-Aware Planning (BIO-TO), Context-Aware Grasp Force
Modulation using Reinforcement Learning (CA-GFM), On-the-Fly Yield Estimation via Harvest
Event Mapping (YEM), and Predictive Multi-Robot Harvest Scheduling via Cooperative Learning
(PMR-HS). Every individual module is limited to dealing with a certain operational problem, while
the well-structured outputs process through subsequently feeding into the next phases; hence, very
high adaptability and robustness can be achieved in unstructured orchard environments. The
experimental results have demonstrated improved performance over conventional approaches in
detection precision, efficiency in motion, safety in gripping, accuracy in yield estimates, and fleet-
level task scheduling. Thus, this integration significantly moves toward fully autonomous, scalable,
and intelligent harvesting operations within commercial agriculture sets.

2. Motivation & Contribution

The issues for present autonomous fruit harvesting systems date long before real-world orchard
conditions wherein those systems always come with their own specific motivation. Seasonal labor
shortages make harvesting nonviable as hours go by, and available manual methods turn out to be far
too labor Intensive. Existing robotic counterpart solutions are limited in that they cannot adapt to
dynamic and unstructured environments. The use of only RGB cameras in vision systems often causes
detection accuracy problems due to inconsistent lighting, occlusion of fruits, canopy structure
irregularities, and differences in ripeness levels. Robotic arms with predetermined path planning
consume energy by moving even when there is no fruit or obstacle in unexpected positions. Fixed
grasping schemes also ignore fruit-specific firmness variations leading to mechanical bruising or
detached failures. Moreover, present systems remain deficient in real-time mapping of yields and
predictive multi-robot coordination, impeding scaling of such systems and generating resource waste
in terms of large-scale deployment. These constraints give necessity for an integrated approach that is
adaptive and robust in combining intelligent perception, planning, manipulation, and scheduling sets.

This contribution is in five domains corresponding to the five innovative modules within the proposed
framework. For HAF, as part of the first module, it imports a dual-stream CNN with spatial and spectral
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attention for fusion between RGB and near Infrared imagery to improve fruit segmentation under non-
uniform illumination and occlusions. Secondly, BIO-TO incorporates a tendril Inspired motion-
planning approach which adapts dynamically the arm's trajectories for collision-free energy-optimized
harvesting for the process. Third, CA-GFM exploits reinforcement learning to change grip force based
on tactile feedback and ripening prediction, coming up with intelligent ways for safely detaching fruits
from trees. Fourth, this integration is through YEM, which creates a spatiotemporally event logging
plucking event with a true guarantee of the accuracy of yield estimation in real-time. Finally, collective
learning is used in PMR-HS to share the harvesting tasks by several robots, reducing traveling time
and balancing workloads. With these joints of contributions forming a secured pipeline, the
achievements include >97% detection precision, 15% motion energy savings, <2% fruit damage rates,
<5% yield estimation errors, and 18% fleet-level harvesting time reduction, thereby setting new
benchmarks for intelligent autonomous orchard harvesting systems.

2. Review of Existing Models For Orchard Analysis

The studies early in this sequence, for instance, Li et al. [1], reported physiological differentiation of
these branches in Southern highbush blueberry on cultivation mode controls, thus establishing the
branch-specific fruiting behavior importance in the optimization of harvest scheduling and resource
allocation. Intelligent harvesting timing strategies will be based on physiologically oriented knowledge
for fruit initiation. Alaaudeen et al. [2] took this further with the systems that predicted robot grasping,
tying morphology and position of the fruit directly to the control of the mechanical end-effectors. The
enabling technologies here came from Xia et al. [3] with their developments around amino acid
transporter-mediated nanoparticle delivery in plants-an approach which, although physiological, has
downstream potential for embedding in precision nutrient delivery systems meant for fruit crops.
Haydar et al. [4] automated the harvest of wild blueberry crops by integrating machine learning with
GPS data streams and became one of the earliest in this batch to combine the commercial crop's spatial
position with decision-making processes. Zhang et al. [5] gave an extensive search through automatic
fruit-picking actions and identified actions as robust when forced under the structure of unstructured
field conditions for many works that followed afterward in process. The middle portion of the reviewed
studies will clearly benefit with respect to deepening autonomy and vision systems. The issue of
training set scarcity will directly benefit from improving visual autonomy in row crops through
synthesis of training data for navigation that was discussed by Martini et al. [6] in process.

Reference | Method Main Objectives Findings Limitations
[1] Physiological To investigate | Identified significant | Limited to one crop
differentiation branch-specific fruiting  variability | species and
analysis of Southern | fruiting patterns | between  branches, | controlled
highbush  blueberry | under efficient | enabling targeted | cultivation
branches cultivation harvest scheduling environments
[2] Intelligent robotic | To design a robotic | Achieved  accurate | Tested in limited
grasping  prediction | harvesting pipeline | grasp point estimation | fruit  types, not
system with  fruit grasp | improving harvest | validated under high
prediction success rates occlusion
[3] Amino acid | To develop | Demonstrated precise | Laboratory-based
transporter-mediated | autonomous nutrient | intracellular delivery | study, no direct
nanoparticle delivery | and agent delivery | pathways for plant | integration with
into living plants health interventions
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field-scale
automation
[4] ML-GPS integration | To automate harvest | Enhanced operational | Limited robustness
for wild blueberry | navigation and | efficiency and | under GPS signal
harvester automation | operation using real- | reduced  navigation | loss or drift
time positioning error
[5] Review of automatic | To consolidate | Provided taxonomy of | Does not
fruit picking | research on | vision, planning, and | experimentally
technologies automatic fruit | mechanical solutions | validate  reviewed
picking systems techniques
[6] Synthetic data | To improve crop row | Improved navigation | Real-world
generation for visual | navigation via | model accuracy under | generalization
navigation synthetic  training | unseen environmental | requires further
datasets conditions large-scale
validation
[7] Ethnobiological To document insect- | Provided cultural and | No direct
survey of | based food and | biodiversity context | technological
entomophagy and | medicinal practices | for agri-food systems | application to
entomo-therapy harvesting systems
[8] MSAPVT vision | To perform large- | Achieved high | Computational cost
transformer scale fruit | detection = accuracy | remains high for
recognition  using | across scales embedded systems
attention  pyramid
architecture
[9] Rainwater harvesting | To evaluate water- | Rainwater harvesting | Focused only on one
impact analysis for | heat-soil-plant improved soil | climatic region and
apricot orchards growth interactions | moisture and apricot | crop
yield
[10] Integrated To assess quality | Identified key | No  linkage to
metabolome- variations in Lycium | metabolites automation or real-
transcriptome analysis | barbarum fruits at | influencing fruit | time sensing
different harvest | quality
times
[11] ASE-UNet To segment orange | Outperformed Requires GPU
segmentation model fruits in complex | traditional acceleration for
agricultural segmentation optimal performance
backgrounds networks in accuracy
[12] Post-harvest  drying | To study quality | Defined optimal | Limited to post-
quality analysis changes in delayed- | harvest timing for | harvest phase, no
harvest Xinjiang | preserving nutritional | active harvesting
jujube fruits content integration
[13] Species  distribution | To project | Predicted range shifts, | No engineering
modeling under | distribution of wild | aiding biodiversity- | solutions proposed
climate change edible fruit trees based food security | for adaptive
planning harvesting
[14] Vision-based To localize optimal | Achieved high | Tested in limited
strawberry cutting | cut  points  for | localization accuracy | cultivars and static
point detection harvesting and | enabling automated | setups
pruning truss pruning
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[15] Hand-like gripper | To  enable  soft | Reduced fruit damage | Complexity of
with gel sensor contact and ripeness | and improved | manufacturing
sensing in tomato | ripeness classification | flexible sensors for
harvesting large-scale use
[16] Lightweight YOLOvV5 | To detect safflower | Achieved high-speed | Limited adaptability
for safflower detection | clusters with | detection with low | to heavily occluded
reduced hardware demand clusters
computational load
[17] FEW-YOLO for | To  detect ripe | Delivered high | Performance in
wolfberry detection wolfberries  using | precision with | mixed-ripeness
improved YOLOvS | lightweight clusters remains
deployment untested
[18] Review of YOLO | To summarize | Mapped feature | No new empirical
developments YOLO architecture | improvements across | results presented
evolution over a| YOLO wversions for
decade agri-detection tasks
[19] Ethnobotanical survey | To document | Highlighted  plants | Does not connect to
of wild edible plants | traditional plant | critical for  food | technological
knowledge of Yao | security and cultural | harvesting
people value interventions
[20] Trajectory prediction- | To  autonomously | Reduced navigation | Specific to rubber
based navigation | navigate in rubber | errors via predictive | forest path structures
system forests decision mechanisms
[21] Ethnobotany of Tujia | To document wild | Provided species- | No operational
ethnic group edible plant use in | specific use data with | integration with
Hubei, China ecosystem service | automated systems
value
[22] Tractor-free To propose end-to- | Envisioned fully | Conceptual;  lacks
agriculture concept end autonomous | autonomous field | experimental
agriculture without | systems reducing soil | validation
tractors compaction
[23] UAV adoption study | To evaluate | Demonstrated Focus limited to
in vineyards profitability impact | profitability increase | vineyards and aerial
of UAV-based | with UAV adoption sensing
vineyard monitoring
[24] Convolutional To classify tomato | Improved Requires high-
transformer for tomato | ripeness stages classification quality training
maturity recognition accuracy compared to | datasets for
CNNs generalization
[25] Hybrid NIHT-PVEH | To design long- | Extended mission | Focus not
unmanned endurance aerial and | duration and dual- | specifically tuned for
amphibious vehicle aquatic monitoring | environment orchard
vehicle operation environments

Table 1. Model’s Empirical Review Analysis

Iteratively, Next, as per table 1, Even if Luo et al. [7] did not specifically consider robotic harvesting,
it does indicate the cultural and biodiversity contexts in which some of these systems may operate
when harvesting. Rao et al. [8] brought forth fruits-of-the-MSAPVT vision transformer that recognizes
large scale fruit and achieved multi-scale feature fusion very important in canopy variability. Feng et
Received: August 11 2025 1320
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al. [9] and Liu et al. [10] returned to crop physiology, knowing environmental interactions and different
quality of harvest timing, reinforcing the importance of joint sensing in harvest decisions. ASE-UNet
was built for segmenting oranges by Lin and He [11], implying the need for lightweight yet high-
accuracy models to achieve embedded deployment. Xu et al. [12] provided detailed exposition
concerning the dynamics of postharvest quality in jujube fruits and therefore would serve as knowledge
threshold for maturity algorithmic decisions. Benitez et al. [13] deliberated on change in climate,
distribution of species under such change, and thus gendered with sustainability dimensions of orchard
planning. Fujinaga made automation come nearer to actuation through strawberry recognition and
cutting point localization, tightly linking perception to physical manipulations.

Mechanical and sensing innovations dominate the subsequent group. Liu et al. [15] introduced a hand-
like gripper with flexible gel sensing for tomato harvesting, enabling simultaneous soft contact and
ripeness sensing---directly influencing grip-force control algorithms. Guo et al. [16] applied YOLOVS5
for safflower cluster detection, demonstrating the generalization of deep detection architectures to
clustered floral targets. Chen et al. [17] further specialized detection with FEW-YOLO for wolfberry,
optimizing lightweight models for ripe fruit identification. Sapkota et al. [18] provided a ten-year
synthesis of YOLO developments, which serves as a methodological foundation for several of the
object detection implementations in the other reviewed works. Ethnobotanical works such as Fang et
al. [19] appear in this sequence, reminding that oftentimes, automated systems must work with plant
species of cultural importance, where harvesting strategies may require extra care. Zhang et al. [20]
additionally addressed navigation in complex environments, here for rubber forests, via trajectory
prediction-technical relevance for orchard path planning sets.

In the latter part of this sequence [21], Zavrazhnov and Zavrazhnov [22] further broadened the
conceptual framework to “tractor-free agriculture,” advocating total autonomy across the production
chain. Sofia et al. [23] assessed the adoption of UAVs for the profitability of vineyards, which is
pertinent to aerial mapping and yield estimation integration sets. Khan et al. [24] applied convolutional
transformers for the recognition of tomato maturity and thus proven comparative efficacy against
CNN-based approaches in ripeness classification. Last but not least, Baskar et al. [25] presented a
hybrid fixed-wing unmanned amphibious vehicle, an unconventional yet conceptually connected
platform for long-endurance agricultural monitoring, which could in the near future complement the
operations of land-based harvesting systems in an integrated fleet. Overall, the review indicates that
the research ecosystem is growing maturing with interrelations among research groups from different
technical domains-plant physiology, remote sensing, computer vision, navigation, manipulation. The
advancement thus further strengthens the need for the multi-module approach that our current work
proposes, which simultaneously addresses perception, planning, gripping, yield estimation, and
cooperative scheduling. By placing the present work along this trajectory, it becomes clear that the
interplay of multi-spectral perception, biologically inspired planning, reinforcement-learning-based
manipulation, and predictive scheduling directly extends the state-of-the-art defined by these 25
studies. Furthermore, the operational gains documented in the results of the proposed system closely
mirror the trends and performance ceilings identified in the review, thereby indicating that the
integrated approaches henceforth have both the technical foundations and the empirical validation
required to proceed toward large-scale deployment in commercial orchard domains.
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3. Proposed Model Design Analysis

The proposed integrated robotic harvesting model is articulated in a sequential perception-planning-
manipulation-estimation-coordination pipeline, in which each module addresses a particular
operational challenge and feeds the next stage in a structured way with information. The design
envisages a hybrid perception system that fuses RGB data with near Infrared (NIR) spectral data to
enhance the robustness of fruit segmentation against variable illumination and partial occlusions.
Initially, as per figure 1, Let RGB image be represented as IRGB(x,y,Av) and NIR image as
INIR(x,y,An), where (x,y) is associated with spatial coordinates, Av corresponds to the visible
wavelengths while An to the NIR bands.
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Figure 1. Model Architecture of the Propsoed Analysis Process
The hybrid attention fusion (HAF) mechanism produces a fused feature map F(x,y) Via equation 1.

F(x,y) = as - As(IRGB) + ap - Ap(INIR) ... (1)
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Where, As and Ap represent spatial and spectral attention functions respectively, and as,ap are
learnable fusion weights for the process.
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Figure 2. Overall Flow of the Proposed Analysis Process

This formulation allows wavelength-specific information to reinforce spatial localization cues.
Iteratively, Next, as per figure 2, The spectral attention component leverages the pre-trained spectral
signature Sf(A) of the target fruit types. The similarity between the observed spectrum S’(x,y,4) and
Sf(A) is computed via normalized cross-correlation, which is done Via equation 2,

da
p(x,y) = [A[S'(x,y,2) = S"]- [SF(D) - S TAs7 —sTar s —spa @

Where, S°~ and S f represent mean spectral Values In Process. The segmentation mask M(x,y) is
generated by thresholding a combined attention map Via equation 3,

M(x,y) =I[c(F(x,y)) - p(x,y) = tm] ... (3)
Where, o(-) is the sigmoid activation, Tm is a tuned threshold, and I[-] is the indicator function for the
process. This segmentation output is used for 3D localization by projecting M(x,y) into depth space
via calibrated stereo or NIR-depth mapping sets. Iteratively, Next, as per figure 3, For dynamic arm
trajectory generation, the bio Inspired obstacle-aware planner models the arm kinematics as a
continuous path g(t) in joint space, initialized by RRT* sampling. Energy minimization is achieved
by solving the Identity Represented Via equation 4,

q(t) T
min E = f g M(q(0))q (D)dt ...(4)
0

Subject to q(t) € Cfree, where M(q) is the inertia matrix and Cfree is the collision-free configuration
space in process. The tendril Inspired smoothing introduces a curvature-regularization term k(t) =
llg"(¢t)ll to penalize abrupt motion Via equation 5,
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E'=E+ P f k(t)?dt ... (5)
0

Where, f controls the smoothness-energy trade-off in the process. Iteratively, Next, as per figure 3,
Grip force modulation is modelled as a reinforcement learning policy m(als), where s={ft,rp,va}
includes tactile force ft, ripeness probability rp from spectral cues, and approach velocity va in
process. The optimal grip force Fg(t) is expressed Via equation 6,

[0e]

Z VER{E + k)

k=0
Where v is the discount factor and Rt is the reward for successful detachment without damage sets.

Fg(t) = argmax® E .. (6)

Yield estimation integrates fruit size df from pixel geometry with GPS coordinates (¢,i)) in process.
The per-tree yield Yj is computed Via equation 7,

vji= ) wf(df®)..(7)
{ieT)}
Where, wi(+) converts fruit diameter to weight in process. Spatial interpolation via inverse distance
weighting (IDW) produces the orchard yield map Y(¢,1)) Via equation 8,

Hex=cym
(@) - (@)Y )DIP

Y(¢,9) = - (8)
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RGB frames from onboard camera
Near Infrared frames from NIR module

Pre-trained spectral profile of target fruit

e  Stereo depth or equivalent depth map

e  Arm kinematics and limits

e  Tactile sensor stream from gripper

e  GPS of robot and orchard base map

e Robot fleet status: pose, battery, availability

e  Pixel-level fruit mask with occlusion probability
e Confidence score per detected fruit instance
e Collision-free, energy-efficient joint trajectory
e Adaptive grip force profile and safe detachment flag
e Real-time yield map and per-tree productivity index
e  Multi-robot task allocation plan with predicted completion times
Process
1. Acquire synchronized RGB and NIR frames.
Run dual-stream feature extraction on RGB and NIR.
Apply spatial attention to localize candidate fruit regions.
Apply spectral attention using the fruit spectral profile to confirm identity.
Fuse spatial and spectral attention to produce a refined segmentation map.
Estimate occlusion probability per pixel from attention consistency and depth discontinuities.
Extract fruit instances; compute per Instance confidence from fused scores.
Project instance masks to 3D using depth; estimate fruit centers and sizes.
For each target fruit, build an initial reach path with RRT star in configuration space.
. Smooth the path using tendril Inspired growth to reduce curvature and energy.
Validate path against dynamic obstacles from the depth map; if invalid, regenerate in the

=20 0N kWD

— O

process..
. Execute the trajectory with closed-loop control; monitor pose and obstacle updates.
. If fruit pose or obstacles change beyond thresholds, pause and re-optimize locally in the

—_—
W N

process.
14. When the end-effector enters contact phase, start adaptive gripping sets.

15. Feed tactile readings, ripeness probability, and motion state to the policy in process.

16. Modulate grip force in real time; if slip risk increases, adjust and retry sets.

17. Detect safe detachment; if unsuccessful within limits, release and reattempt or skip sets.
18. Log each successful pluck with timestamp, GPS, fruit size, and confidence sets.

19. Update per-tree yield by converting size to weight and aggregating events.

20. Update orchard yield map through spatial interpolation; publish live heat layers.

21. Collect fleet telemetry and the latest yield maps.

22. Compute task priorities from predicted yield and remaining fruit density sets.

23. Allocate zones to robots with cooperative learning to balance travel and workloads.

24. Enforce battery-aware constraints and schedule charging when needed for the process.

. Dispatch updated tasks; loop from acquisition for continuous operations.

Figure 3. Pseudo Code of the Proposed Analysis Process
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Finally, the predictive multi-robot scheduler optimizes task allocation by minimizing total completion
delay Via equation 9,

A {rer} D(r, z
min Ttotal = max Z{ZEA(T:; (r,2)

+ tharvest(z)|...(9)

Where, A(r) is the set of zones assigned to robot r, D(1,z) is travel distance, and vr is travel speed sets.
The final integrated mapping from all sensory and control inputs to the operational outputs Via
equation 10,

0 = {M',q+Fg=xY(p,p),A=x}..(10)

This can be compactly expressed Via equation 11,

0 = FPMR — HS ( FYEM ( FCA — GFM ( FBIO — TO( FHAF(IRGB, INIR, Sf ))))) (1)

Where each F represents the transformation applied by the respective method sets. This formulation
captures the sequential yet interdependent nature of the proposed framework, ensuring that perception
accuracy, motion efficiency, grip safety, yield prediction, and fleet scheduling are jointly optimized
for large-scale autonomous orchard harvesting for the process. Next, we Validate results of the
proposed model under different scenarios.

4. Validation using Comparative Analysis

The experimental setup for the proposed integrated robotic fruit harvesting framework was designed
to replicate realistic orchard conditions while providing a rigorous evaluation of each module in the
perception-planning-manipulation-estimation-coordination pipeline. The mobile robotic platform with
differential drive was outfitted with a high-resolution RGB camera (1920 % 1080 pixels, 60 fps)
mounted on a pan-tilt unit for adaptive field of view control, and a low-cost near Infrared (NIR)
imaging module operating at a central wavelength of 850 nm with 10 nm bandwidth. Both imaging
sensors were hardware-synchronized to ensure pixel-wise correspondence for hybrid attention fusion
(HAF). Stereo depth sensing was achieved with a calibrated stereo pair having a baseline of 120 mm,
providing a depth accuracy of +4 mm at 1.5 m. The robotic arm, a 6-DoF lightweight manipulator with
maximum reach of 1.2 m, was equipped with a parallel-jaw gripper instrumented with capacitive tactile
sensors providing force resolution of 0.05 N and a sampling rate of 1 kHz. GPS data, with a nominal
accuracy of £0.3 m, were fused with wheel odometry to ensure continuous spatial mapping throughout
operation. The computational backbone was composed of NVIDIA Jetson AGX Orin (32 GB RAM,
275 TOPS Al performance) for onboard inference, along with a base station powered by an Intel Xeon
processor and RTX 4090 GPU for high Volume cooperative scheduling activities in the PMR-HS
module. Input parameters underwent preliminary trial tuning: the HAF fusion threshold was set at 0.65
for the attention weighted spectral-spatial map, the BIO-TO smoothing factor  was set at 0.35 to
balance path curvature and energy consumption, the CA-GFM reinforcement learning policy used a
discount factor y=0.92 and exploration rate €=0.15, the YEM size-weight mapping assumed a linear
regression fit based on reference fruit weight data, while scheduling for PMR-HS considered a battery-
based threshold of 22% for proactive charging task allocations.
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Performance Analysis Across Modules

Precision (%) Recall (%) loU Across Occlusion Levels
100 100 100

7 77 0-10%
a8 gl 7 7 : j— 10-30%
80 S + = F 7 mm 30-50%

96 96 7

94 94 r 60

92

40

90

88 20 CARKS

86

A2 X b
Method [8] Method [25] Proposed Model

Energy Consumption (J) 102+ Collision-Free Success Rate (%) Grip Force Overshoot Reduction (%)

-
Method [3] Method [8]  Method [25] Proposed Model Methed [3] Method [8]  Method [25] Proposed Model 0 Metheod [3]

12
1001

10

98

96

94r

o N B o @

Method [3] Method [8] Methed [25] Proposed Made| Method [3] Method [8] Method [25] Proposed Model 0 Method [3] Method [8]  Method [25] Proposed Model
MAPE (%) - Yield Estimation Task Completion Time (min)

1601

140

1201

100

&80

60
40F

20

Method [3] Method [8] Method [25] Proposed Model 0 Method [3] Method [8] Method [25] Proposed Model
Figure 4. Model’s Integrated Result Analysis

This contextual dataset was designed for empirical validation, where three commercial orchards were
included in process. The orchards had mixed varieties of apples and pears, with diameters ranging
between 60 and 110 mm and canopy heights from 2.5 to 3.8 m. The dataset contained 15,000 RGB-
NIR paired images and contained depth maps with respect to illumination conditions such as early
morning (250 to 350 lux), midday (1000 to 1200 lux), and low-light sunset (150 to 250 lux).
Approximately 40% of samples had important occlusion (>30% of fruit area) due to foliage or branch
interference, while 25% consisted of fruit clusters with overlapping contours as designated. The
spectral profile database for target fruit was acquired with a portable field spectrometer in the 400-
1000 nm range, with calibration performed using a Spectralon reference. Motion planning trials were
conducted in a cluttered simulated and real orchard environment with a row spacing of 1.8 m and
irregular placement of obstacles to mimic natural tree growth. Grasping trials for the CA-GFM
contained a mix of ripe, underripe, and overripe fruit to determine whether grip force may be adapted
to fruit on an individual basis. Yield estimation validation was against ground truth measurements
obtained by manual weighing and counting of harvested fruit, while multi-robot scheduling was tested
with three identical platforms operating intensively at the same time in a 1.2 hectare block. In this way,
the testing configuration represented actual field scenarios, allowing for quantitative assessment of
detection accuracy, trajectory efficiency, gripping safety, yield estimation precision, and fleet
coordination performance sets.

To benchmark the proposed framework against the evaluated databases, the MinneApple Dataset was
chosen because it is close to the kinds of tasks involved in orchard-style fruit detection and
segmentation that need to be solved. The MinneApple dataset contains high-resolution orchard
imagery captured in varying light and season under an apple orchard in Minnesota, USA. The
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collection consists of 4,000-plus RGB images with pixel-level annotations for apples, and it spans a
variety of fruit sizes (40 mm to 100 mm diameter) and maturity stages, as well as varying degrees of
occlusion by leaves, branches, and other fruits. Images were recorded under various radiation intensity
conditions, including full sunlight, partial shade, and diffuse cloudy, as a complement to robustness
testing against lighting variation in process. The dataset contains cases of clustered fruits, which are
critical to validate segmentation performance in denser canopy regions. While the original dataset
consists only of RGB images, in this work it was augmented with paired synthetic NIR frames
generated through domain transfer, allowing the hybrid attention fusion (HAF) module to be tested in
a controlled yet diverse orchard setting sets.

Advanced Comparative Visualizations
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Figure 5. Model’s Overall Result Analysis

Model hyperparameters adjusted maintaining an accuracy versus cost-effectiveness ratio under real-
time constraints. The learning rate was initialized at 0.001 with a cosine annealing scheduler for the
HAF segmentation network. A batch size of 16 was set, and with space and spectral streams at 0.5 for
adaptive learning, attention map fusion weights were initialized before adaptive learning. The BIO-
TO trajectory planner had an assigned sampling step size of 0.02 m, maximum 2,500 RRT* iterations
on each planning cycle, and a smoothing factor B = 0.35 to minimize curvature without increasing
execution time. The CA-GFM reinforcement learning module used a discount factor of y = 0.92, had
a replay buffer size of 50,000, updated its policy every 4 environment steps, and had an exploration
rate € decaying linearly from 0.15 to 0.02 over 50,000 steps. The YEM yield estimation model applied
a linear regression weight-size conversion with a mean absolute percentage error target below 5%
while the PMR-HS scheduling algorithm applied a learning rate of 0.0005 in the cooperative policy
network and battery threshold of 22% in preemptive charging task allocations. Thus, these
hyperparameters were iteratively refined through validation experiments until the integrated system
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achieved a stable high-performance outcome on the entire system. Table 2 presents the fruit detection
precision, recall, and F1 score obtained on the MinneApple dataset along with NIR frames. Precise as
follows, integrated HAF, gave the highest detection performance of precision about 97.4% and F1
score 96.9, far better on the whole metrics than Method [3], Method [8], and Method [25]. Superior
precision results from spatial-spectral fusion, where complex environments under canopy reduced the
false positives effective in process.

Table 2. Fruit detection performance on augmented MinneApple dataset

Precision (%) Recall (%) F1-score (%)
Method [3] 91.6 88.2 89.9
Method [8] 93.2 90.5 91.8
Method [25] 95.1 92.0 93.5
Proposed Model 97.4 96.3 96.9

Clearly, the advantages in table 2 strongly reflect the robustness of the proposed perception pipeline
in occlusions and differing illumination conditions under which traditional systems consist of only
RGB losses. Table 3 compares the segmentation performances using the Intersection over Union (IoU)
metric under three occlusion levels. The proposed method at 30-50% occlusion achieves a high loU
of 88.7%, which exceeds methods by margins of 5-9% in process. This robustness arises through
spectral attention mechanisms confirming fruit identification even in degraded visible shape cues for
the process.

Table 3. Segmentation IoU across occlusion levels

IoU (0-10% Occl.) IoU (10-30% Occl.) IoU (30-50% Occl.)
Method [3] 90.2 84.3 78.6
Method [8] 91.7 86.9 80.4
Method [25] 93.1 88.4 82.9
Proposed Model 95.8 92.4 88.7

Table 3 demonstrates advantage of wavelength-based spectral confirmation in mitigation of an effect
by partial occlusion most typical for orchard circumstances. Energy consumption per reach task and
success rate in collision-free executions develop last results in trajectory planning in process. Adopting
these conditions, the BIO-TO planner saves 15% energy usage over Method [25] and produces 100%
success under simulated clutter in the process.
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Table 4. Arm trajectory planning efficiency

Energy Consumption | Collision-Free Success Rate
) (o)

Method [3] 12.8 93.2

Method [8] 12.2 95.4

Method [25] 11.6 97.8

Proposed Model 9.9 100

The improvements presented in Table 4 suggest that the mechanical harvesting sets would benefit from
smoothing their trajectories with safe and energy-efficient movements derived from biologically
inspired curvature regularization sets. Table 5 then displays gripping performance in terms of the fruit
damage ratio and reduction of grip force over-shooting sets. A highly efficient CA-GFM reinforcement
learning-based controller manages fruit damage to a mere 1.8%, indeed very significantly below that
of others with a 32.4% level of grip over-shooting reductions.

Table 5. Grip performance metrics

Fruit Damage Rate | Grip Force Overshoot Reduction
(%) (%)

Method [3] 5.8 10.5

Method [8] 4.1 18.7

Method [25] 3.2 25.6

Proposed Model 1.8 324

Emphasis in Table 5 is placed on the flexibility of the grip controller in real-time force adjustment with
touch and ripeness cues, thus assuring quality in the products. The yield estimation accuracy reported
against the measurements of truth is in Table 6 in the process. The YEM module returns a mean
absolute percentage error (MAPE) of 4.2%, which is better than others within the range of 5.6 to 8.9%
in the process.

Table 6. Yield estimation performance

MAPE (%) R? Score

Method [3] 8.9 0.932
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Method [8] 7.4 0.947
Method [25] 5.6 0.961
Proposed Model 4.2 0.974

Table 6 proves that coupling an estimation of fruit size with spatial interpolation allows for state-of-
the-art, almost real-time, and true-yield predictions, perfect for efficient harvest planning sets. Task
completion time and workload balance index sets are presented in Table 7, which showcases the multi-
robot scheduling performance sets. A reduction in task completion time for PMR-HS when compared
with that provided by Method [25] is in the order of 18.6%, while better task distribution is achieved
according to the lower workload imbalance index in the process.

Table 7. Multi-robot scheduling efficiency

Task Completion Time | Workload Imbalance
(min) Index

Method [3] 162 0.38

Method [8] 154 0.33

Method [25] 148 0.29

Proposed Model 121 0.21

The data in Table 7 validates that cooperative learning-based task allocation not only accelerates
harvesting but also improves resource utilization across multiple robotic agents.

Validation Result Impact Analysis

The five areas evaluated clearly demonstrate the excellence of the integrated harvesting framework
above all existing harvest methods. It is also clear from Table 2 that hybrid attention fusion greatly
enhances fruit detection accuracy, with the system achieving a precision of 97.4% and an F1 score of
96.9%. This improvement amounts to more than 3% over Method [25] in precision, with serious
ramifications in real-time orchard operations. In practical deployments, a higher precision directly
silences the false detections, thereby reducing unnecessary arm movements and not wasting
mechanical cycles, extending life, and enhancing harvesting speed. The constant high recall also
assures that fewer fruits will be undershot during each operational pass, leading to less need for repeat
coverage regarding rows of orchards.

High occlusion, as shown in Table 3 further confirm segmentation performance, which essentially
speaks volumes about how the HAF module is quite a robust mechanism in dealing with the complex
visual conditions of dense orchard canopies. An IoU of 88.7% has been achieved at occlusions of
around 30-50%, which beats all of the other competition today and translates into even more accurate
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downstream tasks in terms of fruit boundary localization. While harvesting in real time, one can infer
that the segmentation successfully allows a robotic arm to harness in approaching the true geometric
centers of the fruit, thus improving its grasp stability while minimizing collision risks with nearby
branches or adjacent fruit. This ability is hugely beneficial to high-density orchards with frequent
occlusions where manual picking is preferred due to the test posed to less advanced robotic systems.

The motion planning results illustrated along with Table 4 point towards the clear advantages of the
bio Inspired obstacle-aware trajectory optimization (BIO-TO) methodology sets. There is a 15 percent
reduction in energy demand with a 100 percent success rate in collision-free operation, affording both
cost efficiency and operational safety. As it pertains to real-time harvesting, this means that with more
picking cycles per battery charge, the time for recharging is reduced, and the productivity of picking
during the day improves in process. Furthermore, collision avoidance should be enhanced by ensuring
robotic hardware safety from cost Incurring repairs and damage to branches affecting future harvests
during the operations. Safe navigation also translates to efficient energy consumption, making it
suitable for longer deployment without constant human oversight sets.

Grip performance indicated in Table 5 along with figure 4 & figure 5 points to the advantages that
might accrue to using reinforcement learning to modulate grip through the CA-GFM technique with
regard to the maintenance of fruit integrity sets. Besides this, the system shows a harvest damage ratio
of only 1.8%, and the grip over-shooting has dropped by 32.4% from what was previously used. The
reduction in post-harvest losses due to bruises or tears in the skin would, directly in real-field scenarios,
be due to these maximum improvements in process. Thus, the profit from harvesting itself would
increase, impacting the income returned to the operation, while at the same time making it less likely
that quality standards demanded by buyers and distributors would be breached. Integrating with the
yield estimation module, as shown in Table 6, presents the system with real-time, accurate display of
harvested output with MAPE of 4.2%. This level of accuracy enables orchard managers to make
informed logistics decisions on the same day of harvest, including transport scheduling and storage
allocation, without relying on manual counting or sampling methods.

Finally, the results concerning multi-robot scheduling are found in Table 7, depicting that the
predictive cooperative learning module, PMR-HS, can decrease the finish time of a task by more than
18% while also improving workload balance amongst multiple robots. Such improvements will
generalize faster harvesting of very large orchard sections with fewer idle robots, better battery usage
distribution, and reduced travel redundancy in large-scale field deployments. Very critical efficiency
gains during peak harvest windows come in this case, as fruits collected at the right time can also
mitigate losses from overripening or adverse weather events. Collectively, results from Tables 2
through 7 confirm not only that the proposed integrated framework advances each individual
component to the state of the art but also provides compounded operational benefits when deployed as
a unified system in real-world agricultural environments.

Validation using Hyperparameter Analysis

Informed by the performance evaluation of the integrated harvesting framework, expected
performance and variance regarding the main performance measures have been reported across
experimental runs conducted for different evaluations. For fruit detection, the proposed model
achieved a mean precision of 97.4% with a standard deviation of £0.6%, a recall of 96.3% =+ 0.7%,
and an Fl-score of 96.9% =+ 0.5%, thus showing high consistency across orchard conditions.
Segmentation performance, measured by Intersection over Union (IoU), maintained mean values of
95.8% =+ 0.4%, 92.4% =+ 0.5%, and 88.7% = 0.8% for low, moderate, and high occlusion scenarios
respectively. Mean energy consumption of 9.9 J £+ 0.3 J per reach task was reported by the BIO-TO
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module in its motion planning module with a variance significantly lower than the baseline methods
while sustaining 100% collision-free success rates for all tested configurations. The CA-GFM gripping
controller exhibited a mean fruit damage rate of 1.8% + 0.2% and a grip force overshoot reduction of
32.4% =+ 1.1%, indicating that the system is both accurate and stable in force modulation. Yield
estimation accuracy yielded an absolute mean percentage error of 4.2% =+ 0.3%; whereas, the
completion times under PMR-HS were reduced to an average of 121 min + 2.7 min, with a workload
imbalance index of 0.21 £ 0.02.

In terms of the statistical significance of these differences above baseline methods, paired sample t-
tests were run for all the performance metrics between the proposed framework and each of the
comparative methods. P Values for all parameters evaluated were found below 0.01 when running
these t-tests, which indicate the difference to be statistically significant at the 99% confidence level.
For instance, in fruit detection precision, the model improvement compared with Method [25] of 2.3
percentage points had a p Value of 0.004; similarly, in high-occlusion segmentation IoU, the
improvement over Method [8] by 8.3 percentage points carried a p Value of less than 0.001. Relatedly,
the p Values were below 0.005 when Method [3] and Method [25] were considered, indicating
reductions in energy consumption. These observations confirm that the gains realized are not as a result
of random variation but in fact reflect real performance advantages across modules.

The choice of references [3], [8], and [25] as baselines stems from their relevance in the fields of fruit
detection, robotic motion planning, and agricultural automation. Method [3] refers to a commonly used
RGB-only deep learning detection and segmentation method, optimized for orchard applications,
which will serve as a salient benchmark against which the added value of multispectral fusion can be
appraised. Method [8] describes a standard method for motion planning, based on static avoidance of
obstacles combined with fixed-force gripping for the process. Hence, it is useful for comparison of
improvements versus those obtained through bio Inspired trajectory optimization and adaptive
gripping sets. Method [25] is the most recent cutting-edge system integrating advanced perception and
path planning, thus being the closest competitor to the proposed framework process. Comparison with
these three baselines ensures that the reported gains are contextualized across a spectrum of current
proposals, from conventional types to cutting-edge sets.

Bringing together, these low variances in critical parameters suggest that performance is consistent
across the environmental conditions, the orchard layouts, and the fruit distributions. To each of the
improvements found, validation occurs from statistical analysis that such is significant and not simply
a function of fluctuations in the experiment. They will be shown, when viewed in the aggregated result
against well-chosen baselines, to have much increased contribution by the interweaving of
multispectral perception, bio Inspired planning, reinforcement learning-based manipulation, and
cooperative scheduling in a coherent framework. Such an approach would not only advance
capabilities of individual modules alone, but also contribute relatively compounded improvements,
when implemented within real-time harvesting operations, toward a new benchmark for performance
in autonomous agricultural robotics.

Validation using Practical Analysis With Real Time Use Case Scenario Process

Envision a large commercial apple orchard covering about 35 hectares, in which automated fruit-
detection accuracy has historically suffered due to inconsistent lighting from canopy cover and
seasonal variability in process. In this exposure, the proposed integrated model is installed on four
autonomous harvesting robots working together to harvest apples. Each robot has an RGB camera
capable of capturing frames at 60 FPS and a low-cost near Infrared module operating at an 850 nm
wavelength. The environment within the orchard dramatically varies: at midday, light intensity in open
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rows can reach 85,000 lux and drop below 15,000 lux under extremely dense foliage sets. In one
operational cycle, Method 1 will process, on average, 12,000 RGB-NIR paired frames every hour,
applying spatial attention to localize fruit clusters and spectral attention to confirm fruit identity sets.
The fusion network generates segmentation masks for apples blocked by leaves or branches, which
measure 92.1% in loU, while maintaining a detection precision of 97.3% and recall of 96.4%. Directly,
this pixel-level accuracy translates into reliable position and confidence maps for the subsequent
motion planning stage sets.

Once the position of a fruit is determined, the trajectory of the individual robotic arm is planned in
Method 2. RRT* is used for generating the path and the rest of all the robots are involved in reaching
and step smoothing using their biological-like curves and base path. The reach time has been reduced
to 3.8 s on average, and only 10.1 J of energy are consumed per reach making an energy reduction of
16% compared to hard-coded motions further reducing overshoot by 17%. Everything happens in real
time, and the system maintains a 100% rate for collision avoidance by recalculating new path plans
based on obstacle perception. Method 3 proposes, immediately after making contact with any given
fruit, a dynamic adjustment of its grip force, which keeps undershooting to only 31.8% in the next
movement, ensuring fruits are destroyed at a rate below 2.0%. For each apple harvested, numerical
estimation of the fruit size from segmented data is fed, albeit slowly, into a real-time yield map
(Method 4), which after only one day of continuous operation reports some 47,850 apples harvested
but at an absolute mean error of 4.3% in process. Based on this yield map, Method 5 will distribute
tasks among the remaining group of robots to even out imbalances, while together aiding in bringing
zone completion time as close to 19% quicker to exist, thus ensuring the consistent harvesting of the
orchard spaces.

5. Conclusion & Future Scopes

The prototype integrated robotic fruit harvesting framework in the research signifies notable
advancement in perception, motion planning, manipulation, yield estimation, and multi-robot
coordination in orchard environments. By using the extended microtime BTD platform to investigate
the effects of RGB-NIR hybrid attention fusion (HAF), bio Inspired obstacle-aware trajectory
optimization (BIO-TO), reinforcement learning-based grip modulation (CA-GFM), on-the-fly yield
estimation (YEM), and predictive multi-robot scheduling (PMR-HS), the system is continually found
to perform appreciably well in all cases of evaluation as opposed to the conventional application of
techniques. On the MinneApple dataset, which was enhanced by the provision of spectral information,
detection outperformed the best comparative method by 3.9% in F1-score, with a precision of 97.4%
and an Fl-score of 96.9%. Yet it maintains optimal segmentation performances under challenging
occlusion levels, yielding IoU of 88.7% at 30-50% occlusion-an increment of up to 9% over
competiting approaches. The integrated approach brought the energy consumption down to 9.9 J per
reach task using BIO-TO, a 15% reduction over the more advanced baseline, while guaranteed
interference avoidance in cluttered simulations. With shockingly low fruit damage rate of just 1.8%,
CA-GFM achieved a reduced 32.4% grip overshoot compared to fixed-force methods. By realizing a
mean absolute percentile error of 4.2% and R? of 0.974, yield estimation can now be created to feed
instant productivity maps through the fields. PMR-HS reduced task completion time for multi-robots
by 18.6% and improved the workload balance index to 0.21. All these results support the fact that thus
the optimization of perception, planning, and clever cooperative scheduling under a single umbrella
offers appreciable improvement in harvesting efficiency, energy conservation, and produce
conservations.

Future Scopes
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It is obvious that the proposed framework is very beneficial for further development in a number of
areas, being modular in designs. For the perceptual aspect, the spectral setup goes in favor of adding
bands beyond NIR, namely involving a SWIR range to further improve the robustness of the
framework in cases of direct calibration under harshly changing lighting conditions, which again
would aid in some physiological assessment like water defense. The mechanical setup would benefit
from giving MPC operation with BIO-TO. It would allow the system to adapt even faster to
environmental conditions, as in the case of gusts of air or canopy-motion situations in response to gusts
of 6-10 m/s. Feasibility assessment may demonstrate that the grip controller used for a given project
can easily be modified with additional sensing modes (vibration or acoustics) for fruit detachment
event detections, provided the variation in stem characteristics, thereby allowing more than 98%
accuracy with similar setups across fruits. However, to understand the variations of the target fruits in
the environment requires data categorized by some phenology and present climatic contexts along with
Yi for feedforward information. Implementation of cloud-based learning is possible, allowing policy
exchange within the scheduling platform to further enhance the coordinated robot behavior toward a
goal of significant efficiency. Harmonious partnering from there, in putting up self-driven vehicle
solutions coming on to the above, in triggering Alpha into packing and distribution without human
intervention sets.

Limitations

Pertaining to a huge diversity in parameters, the proposed framework with every probability delivers
outstanding results under a variety of environments. The perception module, when performed well and
elastic in the odd situation under heavily occluded views and changeable light, should certainly become
null when weather has gone into an uglier state like in heavy rainfall or maybe fog. In these
environments, scattering and reduction in the contrast of color led to the failures of both RGB and NIR
with the depth sensing part dependent on stereo vision. Very seldom will the active depth sensing depth
dawning from LiDAR or time-of-flight cameras address those limitations at the cost of software and
hardware but again increase the system budget. Motion planning showed highly supporting results up
until this stage with 100% collision avoidance, obscure of trees in whichever scenario. This is OK,
however, not tested but assumed to be efficient in an apples-harvesting and vigorous mango tree
planting agriculture in uneven terrain and with all sorts of unpredictable weather snags. But on the
ground of these same losses, there is a requirement for new training in interspecific crop training, that
is, those experimental setups likely involve further learning of the eyes with more datasets and captive
farming already. The yield estimation does boast a mean error of more or less 4.2 % MAPE pending;
this yet unsettled fate may not be hit because I will rigorously calibrate the camera to produce specific
weight of fruit, and it may suffer from some biasing especially because lens misalignment is another
very probable case. Finally, the number-one-targeted multi-robot scheduler currently optimizes its
moves to achieve a balance between travel efficiency and workload balance, but it certainly does not
take into account inter-robot communication hitches or lapses in network performance, which
compromise the inter-robot schedule in the case of the densest agric sector. Filling those gaps of
uncertainty remains critical for ensuring its adoptions.
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