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Abstract—This paper presents an end-to-end, IoT-enabled
robotic system for the non-destructive, real-time, and spatially-
resolved mapping of grape yield and quality (Brix, Acidity)
in vineyards. The system features a comprehensive analytical
pipeline that integrates two key modules: a high-performance
model for grape bunch detection and weight estimation, and
a novel deep learning framework for quality assessment from
hyperspectral (HSI) data. A critical barrier to in-field HSI is
the ‘““domain shift” caused by variable illumination. To overcome
this, our quality assessment is powered by the Light-Invariant
Spectral Autoencoder (LISA), a domain-adversarial framework
that learns illumination-invariant features from uncalibrated
data. We validated the system’s robustness on a purpose-built HSI
dataset spanning three distinct illumination domains: controlled
artificial lighting (lab), and variable natural sunlight captured in
the morning and afternoon. Results show the complete pipeline
achieves a recall (0.82) for bunch detection and a R* (0.76)
for weight prediction, while the LISA module improves quality
prediction generalization by over 20% compared to the baselines.
By combining these robust modules, the system successfully
generates high-resolution, georeferenced data of both grape
yield and quality, providing actionable, data-driven insights for
precision viticulture.

Index Terms—Precision Viticulture, Agricultural Robotics,
Hyperspectral Imaging, Illumination Invariance, Domain Gen-
eralization, Domain-Adversarial Learning, Deep Learning, Brix
Prediction, sustainability.

I. INTRODUCTION

RECISION viticulture (PV) aims to manage the inher-

ent spatial and temporal variability within vineyards to
optimize grape quality and yield. Traditional methods for
assessing key parameters like sugar content (Brix) and acidity
rely on manual, destructive, and labor-intensive sampling [1].
These methods are not scalable and fail to provide the high-
resolution, real-time data needed for data-driven management.
The Internet of Things (IoT), combined with agricultural
robotics, presents an opportunity to overcome these limita-
tions. By deploying intelligent, mobile sensing platforms, it
becomes possible to automate data collection and generate
spatially-resolved data of crop health, enabling targeted in-
terventions and advancing sustainable agriculture.
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Central to such an IoT system is the choice of sensor tech-
nology. Hyperspectral imaging (HSI) is a sophisticated non-
destructive technique that allows for the direct quantification of
internal quality parameters like Brix and acidity in grapes [2].
Crucially, this assessment is performed in-situ by analyzing
the grapes’ spectral signatures, leaving the fruit intact on
the vine. This offers a vital improvement over traditional
wet chemistry methods [3, 4], which require berries to be
physically removed, crushed, and analyzed, a destructive and
labor-intensive process. The high spectral resolution of HSI
reveals these chemical signatures [5, 6] which are invisible to
the human eye or standard RGB cameras [7]. Integrating HSI
onto a robotic platform therefore creates a powerful mobile
node for continuous, in-field quality assessment.

However, the practical deployment of HSI-based robotic
systems in outdoor environments is hindered by a fundamental
challenge: variability in illumination. Hyperspectral sensors
are highly susceptible to changes in ambient light caused
by the sun’s position, atmospheric conditions, and shadows
[8]. These environmental factors cause significant distribution
shifts in the acquired data, a problem known in machine
learning as “domain shift” [9]. Consequently, a model trained
under one condition (e.g., in a controlled lab or on a sunny
morning) fails to generalize when deployed under different
lighting (e.g., on a cloudy afternoon), severely limiting the
system’s reliability and real-world applicability [10].

Traditional methods for tackling this issue rely on explicit
radiometric calibration, typically by capturing an image of a
white reference standard (e.g., a Spectralon® panel) before
each scan [11]. While effective in static settings, this approach
is logistically burdensome and infeasible for an autonomous
IoT system designed for continuous operation. Requiring a
robot to constantly stop, deploy, and measure a clean, perfectly
positioned reference panel is impractical and defeats the
purpose of high-throughput automation [12]. This highlights
a critical gap: the need for an approach that can achieve
robustness without relying on these impractical, stop-and-go
field calibrations. A key objective of this work is to develop
and validate a data-driven framework that learns illumination
invariance directly from uncalibrated data, thereby enabling
continuous and autonomous in-field operation, which outper-
forms traditional physics-based correction methods.

To address the limitations of traditional sampling, this paper
presents an end-to-end, intelligent IoT system for acquiring
real-time, non-destructive, and spatially-resolved data on grape
quality and yield. The primary challenge in developing such
a system for field deployment is the data variability caused
by changing outdoor illumination. Our work aims to create
a system that is not only automated but also robust enough



to provide reliable predictions across these dynamic lighting
conditions, thereby reducing the reliance on the impractical,
stop-and-go field calibrations that hinder continuous robotic
operation.

This paper details the development and evaluation of such
an intelligent system. The key contributions are:

¢ A Novel Ilumination-Invariant Model (LISA): The de-
velopment and validation of LISA, a domain-adversarial
autoencoder that learns to predict grape quality (Brix and
Acidity) directly from uncalibrated HSI data. We demon-
strate that LISA significantly outperforms baselines by
remaining robust to the domain shifts caused by changing
natural illumination, removing the need for impractical,
frequent field calibration.

e A Unique Multi-Domain Validation Dataset: The cre-
ation and use of a purpose-built HSI dataset designed to
test domain generalization. This dataset contains paired
scans of the same grape bunches under three distinct
lighting conditions (controlled lab, morning sun, and
afternoon sun), providing a challenging and scientifically
rigorous benchmark for model robustness under different
lighting conditions '.

e An End-to-End System for Dual Yield and Qual-
ity Mapping: The design, integration, and validation
of a complete analytical pipeline that fuses a high-
performance yield estimation module (YOLOvI11-L + 2D
CNN) with our novel LISA framework. This integrated
system is the first to demonstrate the generation of
comprehensive, georeferenced data of both grape yield
and quality from a single, uncalibrated robotic HSI scan.

II. RELATED WORK

A. From Lab to Field: Robotic Hyperspectral Sensing for
Grape Quality

The IoT paradigm is central to the modern “Agriculture 4.0”
revolution, enabling a shift towards data-driven management
[13]. In viticulture, this translates to Precision Viticulture, a
practice focused on managing in-field variability to optimize
resource use and enhance grape quality. A key enabler of PV is
the use of autonomous ground vehicles (AGVs) or agricultural
robots, which provide the mobility for proximal sensing at the
plant or even bunch level [14].

The use of hyperspectral imaging for non-destructive grape
quality assessment is well-established, though early research is
largely confined to controlled laboratory settings. These sem-
inal studies demonstrated the fundamental capability of HSI
to quantify a wide range of internal parameters by correlating
spectral data with wet chemistry measurements. For instance,
Gabrielli et al. [15] successfully developed models to predict
sugar, acid, and phenolic content across seven grape varieties
with high accuracy (R? > 0.81). Similarly, Lyu et al. [16]
and Gomes et al. [17] focused on predicting Total Soluble
Solids (TSS/Brix) and acidity, with the latter showcasing
the potential of deep learning for robust predictions across
different vintages. Research has also extended to more subtle

I'The dataset is available from the corresponding author upon request.

characteristics, such as the aromatic profiles of grapes, where
Marin-San Roman et al. [18] used HSI to estimate volatile
compounds. While proving the principle, these static, lab-
based approaches are not scalable for vineyard-wide manage-
ment.

The recent trend has thus been to move this technology
from the lab into the field by integrating HSI sensors onto
mobile robotic platforms. This creates powerful mobile IoT
nodes capable of generating the detailed, spatially-resolved
data required for PV. However, this transition introduces a
significant challenge: contending with the dynamic and un-
controlled outdoor environment.

Recent state-of-the-art studies exemplify this shift and its
associated hurdles. For instance, Benelli et al. [19] utilized
a moving wagon equipped with a push-broom HSI system
to predict soluble solids content (SSC) in Sangiovese grapes.
Their work focused on the critical challenge of automatically
selecting Regions of Interest (ROIs), using a PLS-DA model
to discriminate grape pixels, even separating them into ‘sunny’
and ‘shady’ classes, from the complex background. Similarly,
Bertoglio et al. [20] developed a framework for ‘on-the-go’
ripeness estimation using a snapshot HSI camera on a robotic
platform. Their work addressed the technical challenge of
correcting for spectral band misalignment caused by vehicle
motion and employed a Mask R-CNN model to segment
individual grape bunches.

While these studies demonstrate the significant potential of
robotic HSI systems, they also underscore a fundamental and
persistent obstacle: the impact of variable illumination. Both
Benelli et al.’s explicit separation of ‘sunny’ and ‘shady’ pixels
and Bertoglio et al.’s reliance on calibration under natural light
highlight that inconsistent lighting is a primary source of error.
Their methods address this by segmenting the problem and
employing standard calibration.

B. Illumination Correction in Hyperspectral Imaging

Traditional approaches for tackling illumination-induced do-
main shift focus on recovering an object’s intrinsic reflectance
through explicit correction methods. The most common is
radiometric calibration using a reference panel (e.g., a Spec-
tralon® panel), where the target’s radiance is normalized by
the reference’s [21]. While effective in static environments,
this is often impractical in dynamic field settings, as the
frequent re-measurement of a reference panel is difficult
to automate and logistically burdensome. Other techniques
include empirical corrections like Internal Average Reflectance
(TAR) and Flat Field Correction, which often lack accuracy
[22]. More complex approaches involve physical modeling,
such as using radiative transfer codes (e.g., MODTRAN [23])
to account for atmospheric effects, or subspace models like
LOGSEP [24] which approximate illumination and reflectance
as linear combinations of basis spectra. However, these meth-
ods can be computationally intensive, rely on hard-to-obtain
parameters, or cannot recover absolute reflectance, limiting
their general applicability [25].



C. Domain Adaptation for HSI Analysis

The limitations of explicit modeling have motivated a shift
towards data-driven deep learning solutions. These methods
aim to learn robust representations directly from the data,
rather than modeling the physics of light. One common strat-
egy is data augmentation. For instance, Generative Adversarial
Networks (GANs) [26] have been used to synthesize HSI data,
thereby exposing the model to a wider range of variations
during training and improving its robustness [27, 28].

A more direct approach is to frame the problem as one
of domain adaptation or domain generalization. The goal is
to learn features that are invariant to the domain (e.g., ‘lab’
vs. ‘field’ illumination) while remaining discriminative for
the main task. This paradigm is highly relevant, drawing on
foundational work in the broader computer vision commu-
nity. A key technique is adversarial learning, popularized by
Domain-Adversarial Neural Networks (DANN) [29]. In this
approach, a feature extractor is trained simultaneously to sup-
port a primary task and to “fool” a domain discriminator that
tries to identify the data’s origin. This forces the features to
become domain-agnostic. This principle has been successfully
applied to HSI, with frameworks like SiLL-R-GAN [30] using
adversarial training for robust classification. Other related con-
cepts include feature disentanglement. A prominent approach
is physics-informed learning, where models like Variational
Autoencoders (VAEs) explicitly integrate a physical model of
light transport into the decoder. This forces parts of the latent
space to correspond directly to physical factors of variation,
such as illumination angle [31]. In contrast, our work pursues
a domain-adversarial approach, which treats illumination as an
unknown domain to be made invariant to, rather than a known
physical process to be explicitly modeled.

III. SYSTEM ARCHITECTURE AND DATA ACQUISITION

Our intelligent system is built on a custom-integrated
mobile robotic platform designed for autonomous or semi-
autonomous navigation and data collection in challenging
vineyard environments. Fig. | shows the system during an in-
field data acquisition campaign. The architecture is modular,
consisting of three primary subsystems: the mobile base, the
robotic arm for sensor positioning, and the data acquisition
and processing unit.

A. System Hardware and Instrumentation

The robotic platform is built upon the Treebot [14], a robust,
all-terrain mobile research platform specifically designed for
autonomous tasks in horticultural environments. Its tracked,
skid-steer design, originally derived from a mini dumper, pro-
vides the necessary stability and maneuverability to traverse
uneven ground between vine rows. The electrically-driven
base, weighing 267 kg and powered by a 3.2 kWh battery
system, serves as a stable foundation for the primary data
acquisition hardware. Mounted on this base is a 6-degree-of-
freedom (6-DOF) collaborative robotic arm (i.e., a Universal
Robots Ur5e). The arm provides the high precision and
flexibility required to position the sensor payload at optimal

Fig. 1: The integrated IoT-enabled robotic platform during in-
field data acquisition. Key components shown are a) the mobile
robotic base, b) a collaborative robotic arm positioning the c)
Specim FX10 hyperspectral camera, and d) the GPS antenna
for georeferencing.

angles and distances from the grapevine canopy, compensating
for variations in canopy structure and terrain.

The primary sensor, a Specim FX10 hyperspectral camera
[32], is mounted as the end-effector of the robotic arm. This
setup allows the system to perform controlled “push-broom”
scans, where the linear motion of the robot moving along the
row provides a spatial dimension of the hyperspectral cube.
An integrated high-precision GPS unit, also visible in Fig. 1,
provides geotagging for every captured datapoint, which is cru-
cial for generating the spatially-resolved data. All subsystems
are controlled by a distributed onboard computing architecture,
mirroring the robust design of the Treebot platform. The high-
level processing is handled by an industrial PC, specifically
an Intel NUC 10 (NUC10i5FNH). This unit is responsible for
running the deep learning modules for yield and quality esti-
mation, as well as managing sensor synchronization and data
storage. It interfaces with a Siemens S7-1200 Programmable
Logic Controller (PLC), which executes the real-time motion
control and low-level commands. This integrated design forms
a self-contained IoT node capable of capturing, processing,
and georeferencing data directly in the field.

B. Data Acquisition and Dataset Creation

All hyperspectral data was captured using a Specim FX10
push-broom camera [32], which senses 1024 spatial pixels
across 224 spectral bands in the 400-1000 nm range. The
camera was mounted as the end-effector on the robotic arm
of our mobile platform. To simulate an operational ‘on-the-
go’ scan, full hyperspectral cubes were generated by the
linear motion of the robot as it moved along the vineyard
rows. The grapes, of the Chardonnay variety, were captured
at Proefcentrum Fruitteelt (pcfruit) in Sint-Truiden, Belgium,
on October 23rd, 2024.



To specifically test for illumination invariance, our data
collection protocol is designed to create a unique multi-domain
dataset. The same 60 grape bunches were imaged across all
domains, providing paired examples that isolate the effect
of illumination from other biological variability. This paired
structure supports the validation of our model by isolating
the effect of illumination from biological variability during
performance evaluation.

o Lab: Data captured under stable, consistent artificial
lighting (4 x 50-watt halogen lamps), providing a con-
trolled, high-intensity source domain with a known spec-
tral profile.

o Field-AM (Morning Sun): Data captured outdoors in the
morning. This domain is characterized by a lower solar
elevation angle, creating longer shadows and a warmer
light spectrum.

o Field-PM (Afternoon Sun): Data captured outdoors in
the afternoon. This second field domain introduces a
significant shift from the morning conditions, with a
higher solar elevation and a different azimuth. This alters
the direction and length of shadows cast by the canopy
and within the grape bunches themselves.

As illustrated in Fig. 2a, the visual appearance of the grapes
changes dramatically across the domains. This is shown using
pseudo-RGB images, i.e., color visualizations synthesized
directly from the hyperspectral data cube. Specifically, we
create these images by mapping the intensity values from three
selected bands to the standard Red, Green, and Blue channels.
For our 224-band camera, we map band 114 (centered at
=~ 705 nm) to Red, band 58 (= 555 nm) to Green, and band 20
(= 454 nm) to Blue. The term ‘pseudo-RGB’ is used because
this serves as an intuitive, human-readable approximation of
color, rather than a true-color photograph from a standard
camera.

This shift is quantified in the mean spectra shown in Fig. 2b.
The overall reflectance intensity is highest in the Lab domain
and lowest in the Field-PM domain. While all spectra share
characteristic features like the vegetation red-edge near 700

m [33], the field spectra are distinctly marked by atmospheric
effects, such as the oxygen (O) absorption band around 760
nm [34]. These variations in both intensity and spectral shape
constitute the core challenge that robust HSI systems must
overcome for practical field deployment.

To train and evaluate the different modules of our analytical
pipeline, the dataset is annotated at two distinct levels, corre-
sponding to our primary tasks of quality prediction and yield
estimation.

o For Quality Prediction (LISA): Our analysis focuses on
learning illumination-invariant features from individual
grape berries. Therefore, for this task, we extracted
spectral signatures by manually annotating small, ho-
mogeneous regions on single grapes within the hyper-
spectral cubes. This process resulted in 360 annotated
grape samples for the Lab domain, and 360 samples for
each of the Field-AM and Field-PM domains. Each of
these annotated samples has a corresponding ground truth
measurement for Brix and Acidity, obtained destructively

using a digital refractometer and titration, respectively.

o For Yield Estimation (YOLO): To train the bunch de-
tection and weight estimation module, we annotated the
dataset at the bunch level. In total, 162 images were
annotated by drawing bounding boxes around each visible
grape bunch. For 76 unique bunches, the ground truth
weight is also measured in the lab using a precision scale.
This set of 76 bunches is composed of the 60 bunches
used in the multi-domain quality study, supplemented
with an additional 16 bunches. This data is used to train
the YOLO-based object detector [35] and the subsequent
weight regression model.

IV. ANALYTICAL PIPELINE AND SYSTEM INTEGRATION

This section details the analytical pipeline that processes
the hyperspectral data captured by our robotic platform. The
pipeline is designed to operate in real-time on the robot’s
edge-computing device, integrating two primary deep learning
systems: a yield estimation module, which combines a YOLO-
based detector with a weight regression model, and our novel
LISA framework for robust quality prediction

The overall workflow is illustrated in Fig. 3. As the robot
captures a continuous HSI scan of the vineyard row, the system
processes it sequentially. To handle the continuous data stream
and ensure objects are analyzed correctly the system uses
an overlapping sliding window to ensure bunches are only
processed when they are fully in frame. To avoid duplicate
predictions, the system uses a bunch tracker to identify unique
grape bunches as they move through the camera’s field of
view. For each unique bunch that is detected and tracked, the
following analytical steps are performed:

1) Bunch Detection and Localization: A pseudo-RGB
image is generated of a sliding window from the HSI
data. The YOLO-based model processes this image to
identify all visible grape bunches and outputs their
bounding box coordinates. The tracker then associates
these detections with existing or new bunch identities.

2) Yield Prediction: Once a tracked bunch is determined
to be optimally framed (i.e., centered and fully visible),
the hyperspectral data within its bounding box is passed
to a dedicated regression model to estimate its weight
in grams.

3) Quality Prediction with LISA: Concurrently, spatio-
spectral patches from within the same bounding box
are analyzed by the LISA framework. A multi-head
architecture, including a classification head, acts as a
mask to ensure only grape pixels contribute to the final
prediction. The regression heads then infer the average
Brix and Acidity for a patch. The prediction for the
bunch is the average prediction over all patches classified
as grape.

4) Data Aggregation and Mapping: The final, georefer-
enced data point i.e., a tuple containing ‘{latitude, lon-
gitude, estimated weight, average Brix, average acid}’,
is stored for each unique bunch.

This continuous stream of aggregated data can be used to
generate high-resolution spatial variability maps. These maps



(a) The same grape bunch imaged for the three data subsets.
Left: Lab subset. Middle: Field-AM subset. Right: Field-PM
subset.
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(b) The average raw spectral intensity (in Digital Numbers,
DN) for each subset, with the shaded areas representing
one standard deviation. The plot highlights the domain shift
between the controlled Lab environment and the two field
environments.

Fig. 2: Visualization of the pseudo-RGB hyperspectral images and the spectra of different data subsets.

visualize the distribution of yield, sugar content, and acidity
across the vineyard, providing the insights needed for data-
driven differential harvesting and other precision management
practices.

A. Hyperspectral Data Preprocessing and Input Formulation

A key objective of our work is to develop a model that is
robust to real-world conditions, including in the absence of
frequent calibration. Therefore, for the primary input to our
LISA framework, we deliberately bypass traditional radiomet-
ric calibration and work directly with the raw hyperspectral
data.

The preprocessing, before the LISA component, consists of
A Savitzky-Golay (SG) first derivative filter that is applied
directly to the raw spectral data. The optimal parameters for
this filter, determined through a hyperparameter search detailed
in Section V-C3, are a window length of 15 and a polynomial
order of 2. This step is crucial for removing baseline shifts and
accentuating the subtle absorption features related to chemical
composition, which is a standard technique in chemometrics to
enhance signal quality. The transformed spectral data is then
formatted into 8 x 8 spatio-spectral patches. This results in an
input tensor of shape 8 x 8 x 224 for each sample, which serves
as the direct input to our LISA quality prediction model.

B. Illumination-Invariant The LISA

Framework

Quality Prediction:

The core idea of our proposed LISA framework is to
learn a feature representation of the hyperspectral data that
is highly predictive of grape quality while being invariant
to the ambient illumination. Physically, this means the net-
work learns to approximate the grape’s intrinsic reflectance
by effectively disentangling useful, material-specific spectral
features from confounding illumination-related artifacts. This
disentanglement is driven by a synergy of learning signals.
First, a Domain Discriminator, trained adversarially against
the Feature Extractor, provides a strong “push” signal, forcing

the learned latent features z to become agnostic to their
domain of origin. Concurrently, the Task Predictor provides
the essential “pull” signal, a guidance that compels the Fea-
ture Extractor to preserve only the information relevant to
the final quality prediction. These competing objectives are
refined by a Manifold Regularization loss, which encourages
a semantically meaningful latent space by clustering samples
with similar Brix values. Our paired dataset design, which
isolates illumination as the primary source of variation, further
facilitates this learning process. The result is a stable mapping
between the latent features and the target quality values, which
remains robust even when input spectra vary dramatically due
to changing light. As illustrated in Fig. 4, the architecture
that implements these principles is built on adversarial domain
adaptation and consists of three core components:

e A Feature Extractor, implemented as a convolutional
autoencoder, which learns a compressed latent represen-
tation of the spectral data.

o A Task Predictor, a Multi-Layer Perceptron (MLP) that
regresses the target value (i.e., Brix and Acidity) from
the learned features.

¢ A Domain Discriminator, an MLP that attempts to iden-
tify the domain origin of the data from the same features.

The central component is the Feature Extractor. Its role is to
encode the high-dimensional spectral part of the hyperspectral
input patch into a low-dimensional latent vector, z, with
the same spatial dimensions. We implement this using 2D
convolutional layers. While hyperspectral data is inherently
3D, we treat the spectral dimension as the channel dimension
(i.e., input shape H x W x C becomes 8 x 8 x 224). This
approach effectively leverages a standard 2D CNN architecture
to learn spatial-spectral features. The decoder part of the
autoencoder then aims to reconstruct the original input from
this latent vector z.

The learned latent vector z serves as a shared feature
representation that is fed into two parallel heads. The Task
Predictor uses z to perform the final regression. Simultane-
ously, the Domain Discriminator also receives z and is trained
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Fig. 3: Overview of the integrated data processing workflow. The robotic platform captures a continuous, georeferenced
hyperspectral scan. The system processes this data stream using a sliding window approach. For each window, a pseudo-RGB
image is synthesized and passed to a YOLO-based object detector. A bunch tracker identifies unique bunches across consecutive
overlapping windows. Once a bunch is fully captured within the frame, its full-spectrum HSI data is extracted and analyzed
by two parallel deep learning modules for yield (weight) and quality (Brix/Acidity) prediction. The quality pipeline includes
a dedicated preprocessing step before the data is fed into our LISA framework. All per-bunch predictions are georeferenced

and aggregated to create spatial data for precision viticulture.

to classify its source domain (e.g., ‘Lab’ vs. ‘Field’). During
training, the Feature Extractor receives a supervisory signal
not only from the reconstruction and prediction losses but also
an adversarial signal from the discriminator. This adversarial
process, detailed in the following section, forces the extractor
to learn a latent space z that is both predictive of the target
value and invariant to the input domain.

C. Composite Loss Function

The LISA framework is trained end-to-end using a com-
posite loss function designed to balance feature reconstruction,
task performance, and domain invariance. The total loss, Lo,
is a weighted sum of four components:

Ltotal - Ltask + OéLre(:on + ﬂLmanifold + ’YLdomain (1)

where «, [, and - are hyperparameters that balance the
contribution of each term. Below, we detail each component.
e Reconstruction Loss (L econ): This is the standard Mean
Squared Error (MSE) between the input spectral patch X
and the autoencoder’s reconstructed output X. It ensures
the latent space retains sufficient information to represent

the original data.

Lrecon = ||X - XH%‘ (2)

o Task Prediction Loss (L,g): The primary objective for
the regression task is optimized using the MSE between
the predicted values ¢ and the ground truth labels y.

1
Lk = > (i — ) 3)

=1

o Manifold Regularization (Lmpanifola): To promote a se-

mantically meaningful latent space, we introduce a man-
ifold regularization term [36]. This encourages samples
with similar intrinsic properties (i.e., similar Brix values)
to be mapped to nearby points in the latent space. For
a pair of latent vectors (z;, z;), the loss is the squared
Euclidean distance weighted by their label similarity:

Lmanifold = Z Wij | ‘Zl - z]”% “
i,

where the weight w;; = 1 if the samples belong to the
same Brix category, and w;; = 0 otherwise.
Domain Adversarial Loss (Lgomain): To achieve domain
invariance, we employ an adversarial training strategy
inspired by DANN [29]. The training involves a two-
player min-max game between the Feature Extractor (E)
and the Domain Discriminator (D).

1) Training the Discriminator: The discriminator D
is trained to minimize a standard cross-entropy loss
to correctly classify the domain d of the latent
features z = F(X).

2) Training the Extractor: The feature extractor F is
trained to maximize the discriminator’s loss, thereby
learning to produce features that are indistinguish-
able to D.

This adversarial objective is implemented using a Gra-
dient Reversal Layer (GRL) [37]. The GRL is placed
between the encoder and the discriminator. During the
forward pass, it acts as an identity function. During back-
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Fig. 4: Architecture of the proposed Light-Invariant Spectral
Autoencoder (LISA). Data from the Lab (Dy,,) and Field
(Drieiq) domains are fed as hyperspectral patches into a
central Encoder. The Encoder learns a compressed latent
representation (z), which serves as a shared feature space for
four distinct objectives, each optimized by a corresponding
loss function: (1) A Decoder uses z to reconstruct the original
input, guided by the reconstruction loss (Lyccon), ensuring
features are representative. (2) A Task Predictor regresses
grape quality parameters from z, guided by the task loss
(Ltgsk)- (3) A Domain Discriminator attempts to classify the
origin of the data (Lab vs. Field) from 2. The Encoder is simul-
taneously trained to “fool” this discriminator, an adversarial
process governed by the domain 1oss (Lgomain)- This forces
z to become domain-invariant. (4) A manifold regularization
loss (Linanifold) is applied to z to promote a semantically
meaningful latent space where similar samples are grouped
together.

propagation, it multiplies the gradient from the discrimi-
nator by a negative constant (—1), effectively reversing its
sign. This allows the entire model to be optimized with a
single standard backpropagation step, where minimizing
Lgomain With the GRL in place is equivalent to solving
the min-max game.

V. EXPERIMENTAL SETUP

This section details the experimental protocol used to val-
idate our proposed system. We first outline the evaluation
metrics, followed by the specific methodologies for the yield
and quality prediction pipelines.

A. Evaluation Metrics

1) Regression: For the regression tasks of predicting Brix,
Acidity, and weight, we use the Coefficient of Determination
(R?) as our evaluation metric. R? measures the proportion of
the variance in the dependent variable that is predictable from
the model’s features. It is defined as:

R2=1- M (5)

> i (v — 9)?
where y; is the ground truth value, g; is the model’s prediction,
and 7 is the mean of the ground truth values. R? scores range

from —oo to 1, where 1 indicates a perfect fit, O indicates
the model is no better than predicting the mean, and negative
values indicate a very poor fit. Unlike metrics like MSE, R? is
a normalized score that provides a scale-independent measure
of a model’s explanatory power, making it ideal for comparing
performance across different tasks and datasets.

2) Grape Classification: For the binary classification task
(Grape vs. Non-Grape), we report the Overall Accuracy (OA),
defined as the proportion of correctly classified samples.

3) Object Detection: For the object detection task in
Pipeline 1, we evaluated the object detection models using
standard metrics, including Recall and Mean Average Pre-
cision (mAP), averaged over Intersection over Union (IoU)
thresholds from 0.5 to 0.95 (mAP@0.5:0.95). For our appli-
cation, Recall is the most critical metric. A high recall ensures
that the system detects the maximum number of grape bunches
present in the scene. A failure to detect a bunch (a false
negative) means that data is permanently lost for that bunch.
In contrast, a lower precision (a false positive) or a slightly
imprecise bounding box is less detrimental, as our downstream
quality prediction pipeline includes a pixel-level classification
step that can effectively filter out any non-grape background
included in the detection. Furthermore, this classification step
allows us to discard entire bounding boxes if the proportion of
grape pixels falls below a set threshold, effectively removing
false positive detections.

B. Pipeline 1: Yield Estimation

The yield estimation pipeline consists of two stages: bunch
detection and weight regression.

1) Candidate Models and Architectures: For the bunch
detection stage, we evaluated a comprehensive set of state-
of-the-art object detectors. This included various sizes from
multiple YOLO families (v8 [38], v10 [39], v11 [35], v12
[40]) to assess the performance of CNN-based (v8, v10,
v11) and attention-centric architectures (v12) of varying sizes.
To provide a strong, modern baseline, we also included the
Transformer-based RT-DETRv2 model [41].

To identify the optimal architecture for the bunch weight
prediction module, we conducted a comparative evaluation of
five candidate models. These models are selected to represent
a diverse range of approaches for processing spatio-spectral
data: a MLP that treats each spectral band independently; a
1 dimensional convolutional neural network (1D-CNN) that
processes the spectrum as a signal [42]; a 2D-CNN that
leverages both spatial and spectral context from image patches
[43]; a transformer-based model using self-attention to capture
global dependencies [44].

In addition to these standard models, we designed and
evaluated a Hybrid CNN-Transformer. This architecture first
uses a multi-layer 2D-CNN as a feature extractor to learn a rich
set of local spatio-spectral patterns from the input HSI patch.
The resulting feature maps are then flattened and treated as
a sequence of tokens, which serve as the input to a standard
transformer encoder back-end. This two-stage design aims to
leverage the efficiency of CNNs for learning local features
while using the transformer’s self-attention mechanism to
model the global relationships between them.



2) Evaluation Protocol and Implementation: For object
detection, all YOLO models are implemented using the Ul-
tralytics framework [45]. To ensure robust and generalizable
results, we evaluated all object detection models and weight
prediction models using a k-fold cross-validation scheme on
our custom dataset. For the weight prediction models, the
input hyperspectral data within each detected bounding box
is rescaled to a fixed size of 64x64 pixels before being passed
to the model. For each model, we conducted a hyperparam-
eter search to optimize performance, experimenting with key
parameters such as learning rate, number of training epochs,
and input image resolution. For the object detection model, the
final reported models are finetuned from pre-trained COCO
weights using the optimized hyperparameters.

C. Pipeline 2: Quality Prediction

The quality prediction pipeline is designed to predict Brix
and Acidity from uncalibrated HSI data while remaining
robust to illumination changes.

1) Evaluation Scenarios: To validate the performance of
the proposed method, an evaluation is conducted across four
distinct scenarios, designed to assess the model’s robustness
and generalization capabilities under various domain condi-
tions:

e Scenario 1 (Intra-Domain): The model is trained and
tested exclusively on the Lab dataset, utilizing a standard
data split. This scenario establishes a baseline perfor-
mance under controlled, consistent illumination.

e Scenario 2 (Cross-Domain: Lab to Field): The model
is trained on the Lab dataset and subsequently tested
on the Field-AM and Field-PM datasets separately. This
scenario directly evaluates the model’s transferability and
robustness to the significant domain shift encountered
when moving from controlled laboratory conditions to
dynamic field environments.

e Scenario 3 (Cross-Domain: Field to Field): The model
is trained on the Field-AM dataset and then tested on
the Field-PM dataset. This scenario assesses the model’s
ability to generalize between different natural illumina-
tion conditions within the field, specifically accounting
for the natural shift in solar angle and intensity between
morning and afternoon.

e Scenario 4 (Domain Generalization): The model is trained
on a combined dataset of Lab and Field-AM data, and
then tested on the Field-PM dataset or vice versa. This
scenario investigates the benefits of training with a more
diverse set of source domains to improve generalization
to a target field domain.

2) Baseline Methods for Comparison:

o Partial Least Squares (PLS) [19, 20]: A standard
linear chemometric technique that is highly effective for
handling high-dimensional and collinear spectral data.
It works by projecting the spectral variables and the
response variables to a new space of latent variables,
optimizing for covariance.

o Predictor-Only Baseline: This serves as a fundamental
baseline, evaluating the performance of only the MLP

predictor without the benefit of the autoencoder’s learned
feature space.

o LOGSEP [24] Method: We implemented the LOGSEP
method for illumination correction as a classic physics-
based baseline. This approach aims to derive reflectance
spectra independent of illumination. The resulting re-
flectance spectra are then fed into the same MLP predictor
as our proposed model, ensuring a fair comparison of the
illumination correction technique itself.

o SILL-R-GAN [30]: We compared our approach against
SILL-R-GAN, a state-of-the-art GAN-based method
specifically designed for illumination-robust HSI clas-
sification. To enable a direct comparison, its generator
component is adapted to produce illumination-invariant
spectra. These spectra then served as input to the model’s
original classification head, which is repurposed for the
regression task.

3) Implementation and Hyperparameter Tuning: All deep
learning models for pipeline 2, including our proposed LISA
framework and the baselines, are implemented in PyTorch. To
ensure a fair and robust comparison, each model is optimized
via an extensive randomized hyperparameter search managed
with the Weights & Biases platform [46]. This search encom-
passed model-specific architectural choices, training dynamics,
and data preprocessing pipelines.

A key finding from this process is that a Savitzky-Golay
first-derivative filter consistently yielded the best performance
for all models, including the baselines. Therefore, this prepro-
cessing step is adopted for all quality prediction experiments
reported in this paper. The remainder of the hyperparameter
search then focused on optimizing the unique architectural and
training parameters for each model.

For each domain generalization scenario presented in Sec-
tion VI, the optimal hyperparameters for each model are
determined independently. The final configuration detailed
below corresponds to LISA’s best-performing model on the
primary task of generalizing from Lab+PM to the Field-AM
target domain. This model is trained for 200 epochs using
the Adam optimizer with a learning rate of 1.5 x 10~* for
the autoencoder and 2.5 x 10~* for the domain discriminator.
The key loss weights are set to o« = 0.011 (reconstruction),
B = 0.066 (manifold), and v = 1.2 x 10~* (adversarial).

VI. RESULTS

This section evaluates the performance of our proposed sys-
tem by systematically validating each of its core components.
First, we establish the performance of the yield estimation
pipeline, identifying the optimal models for bunch detection
and weight prediction. Second, we evaluate the illumination-
invariant quality pipeline, demonstrating how our proposed
LISA framework addresses the challenge of domain shift.
Finally, we showcase the end-to-end system’s capability by
demonstrating its integrated output for generating in-field
quality and yield data.

A. Pipeline 1: Yield Estimation Performance

Accurate yield estimation requires the precise detection and
localization of individual grape bunches within the hyper-



TABLE I: Cross-Validated Performance of Object Detection
Models. The table includes parameter counts to illustrate the
trade-off between model size and performance. Performance is
judged primarily on Recall, with the strict mAP@0.5:0.95 as
a secondary metric. The YOLOv11-Large model is selected
for its balance of high recall and model efficiency.

Model Family Size Params (M) Recall mAP@0.5:0.95
Nano (n) 3.2 0.73 0.57
Small (s) 11.2 0.72 0.55
YOLOVS [38] Medium (m) 25.9 0.80 0.62
Large (1) 43.7 0.78 0.64
X-Large (x) 68.2 0.71 0.46
Nano (n) 2.3 0.70 0.52
Small (s) 7.2 0.79 0.64
YOLOVIO [39] Medium (m) 154 0.80 0.62
Large (1) 244 0.79 0.65
X-Large (x) 29.5 0.78 0.66
Nano (n) 2.6 0.76 0.59
Small (s) 9.4 0.78 0.63
YOLOvI11 [35] Medium (m) 20.1 0.81 0.65
Large (1) 25.3 0.82 0.66
X-Large (x) 56.9 0.76 0.64
Nano (n) 2.6 0.80 0.63
Small (s) 9.3 0.80 0.65
YOLOv12 [40] Medium (m) 20.2 0.80 0.63
Large (1) 26.4 0.80 0.64
X-Large (x) 59.1 0.78 0.62
Large (1) 42.0 0.82 0.64
REDETRV2 (411 y [ree (x) 76.0 0.73 0.60

spectral image or a corresponding RGB image. To address
this, we evaluated a suite of state-of-the-art object detection
models from Ultralytics [45], the YOLO (You Only Look
Once) family. We focused on finding a model that provides
the best trade-off between detection accuracy and recall.

1) Bunch Detection (YOLO): To select the optimal bunch
detector for our pipeline, we conducted a comprehensive
evaluation of state-of-the-art object detection models. This
included various sizes from multiple YOLO families (v8, v10,
vll, and v12) as well as the transformer-based RT-DETRv2
[41], which serves as a modern baseline comparable to the
architecture used in the work by Bertoglio et al. [20]. Per-
formance is judged primarily on Recall, given its importance
for minimizing data loss, with mAP@0.5:0.95 as a secondary
metric for localization accuracy. The cross-validated results
are summarized in TABLE 1.

The results highlight several key trends. Across all families,
there is a general, though not universal, trend of diminishing
returns with the largest model sizes (X-Large). The recently
introduced YOLOvI12 family demonstrates remarkably con-
sistent high performance, with most variants achieving a
Recall of 0.80. Similarly, the RT-DETRv2 baseline performs
competently, achieving a recall of 0.80 with its large variant,
confirming its suitability for this task.

Despite the strong performance from these newer models,
the YOLOvl1-Large (I) model remains the superior choice
for our application. It achieved the highest Recall of all
tested models at 0.82, ensuring the maximum number of
grape bunches are detected. Furthermore, its mAP@0.5:0.95

score of 0.66 is among the best, matching the performance
of the YOLOv10-X-Large model. This accuracy is achieved
with a significantly more efficient architecture, having 17%
fewer parameters and requiring 50% fewer FLOPs than the
comparable X-Large variant [45], making it a better choice
for robotic deployment. Based on this combination of recall
and high computational efficiency, we selected the YOLOv11-
Large model to drive the yield estimation pipeline.

2) Bunch Weight Prediction: Once a grape bunch is accu-
rately localized by the YOLOvVI11-1 detector, the second stage
of the yield estimation pipeline predicts its weight from the
enclosed hyperspectral data. To identify the most effective
architecture for this regression task, we evaluated several
candidate architectures, including an MLP, 1D/2D-CNNs, a
transformer, and a hybrid model. The performance of these
models, measured by the RZ is presented in TABLE II.

TABLE II: Cross-Validated Performance Comparison for
Bunch Weight Prediction (g). The best performance is shown
in bold.

Model Architecture R2

MLP 0.59
1D CNN 0.57
2D CNN 0.76
Transformer 0.50
CNN + Transformer  0.34

The superior performance of the 2D CNN architecture
(R%=0.76) suggests that leveraging local spatio-spectral in-
formation is critical for accurate weight prediction. Standard
MLP and 1D-CNN models performed moderately but are
limited by their inability to process spatial context. Similarly,
the transformer-only model struggled, indicating that for this
task, local textural features are more informative than global
spectral relationships.

Notably, the hybrid CNN-Transformer, which theoretically
combines the strengths of both architectures, performed the
worst. We hypothesize this is due to its significantly higher
model complexity. Such a high-capacity model is prone to
overfitting, failing to generalize beyond the training set. In
contrast, the simpler 2D-CNN architecture strikes the right
balance, effectively learning predictive local features likely
corresponding to physical characteristics like berry density and
internal shadowing without overfitting. Therefore, we selected
the 2D CNN as the optimal regression model for our yield
estimation pipeline.

B. Pipeline 2: Ilumination-Invariant Quality Prediction
(LISA)

The second core component of our integrated system is
the quality prediction pipeline, which assesses intrinsic grape
properties like Brix and Acidity from HSI data. The primary
challenge for this task in field robotics is the significant data
variability caused by changing illumination. A model that is
not robust to this “domain shift” will fail when deployed in
real-world conditions.

This section details the evaluation of our proposed solution,
the Light-Invariant Spectral Autoencoder. We first quantita-



TABLE III: Cross-Domain and Within-Domain Brix Predic-
tion Performance (R?) for the Predictor-Only baseline. Bold
values on the diagonal represent within-domain performance,
highlighting the performance degradation in cross-domain
scenarios.

Test Domain

Training Domain Lab  Field-AM  Field-PM
Lab 0.68 0.29 0.15
Field-AM 0.19 0.73 0.12
Field-PM 0.16 0.15 0.54

tively demonstrate the severity of the domain shift problem
using a baseline model. We then present LISA’s main results,
showing its superior generalization performance compared
to state-of-the-art methods. Finally, we provide a series of
analyses and ablation studies to validate our model’s design
and understand the sources of its robustness.

1) Quantifying Domain Shift: The Predictor-Only baseline
is trained and tested on all nine possible combinations of
our three domains (Lab, Field-AM, Field-PM), i.e., the first
3 scenarios explained in Section V-C1. The results, measured
by the R?, are presented in TABLE II1.

The results in TABLE III clearly illustrate a drastic perfor-
mance degradation when the model is applied across domains.
The diagonal values, representing intra-domain performance,
show that the Predictor-Only baseline can achieve reasonable
results when trained and tested on data from the same en-
vironment, with R? scores of 0.68 (Lab), 0.73 (Field-AM),
and 0.54 (Field-PM). Notably, the performance on the Field-
PM subset is inherently lower, which we hypothesize is due
to reduced image sharpness from slight changes in camera
distance in the field, an effect that was not compensated for
during measurements.

However, in all off-diagonal, cross-domain scenarios, the
model’s predictive power collapses. For instance, a model
trained in the controlled Lab environment (R%=0.68) fails to
generalize to either of the field settings, with its performance
plummeting to an R? of 0.29 on Field-AM data and just 0.15
on Field-PM data. A similar drop is observed when training
in the field and testing in the lab. This severe and consistent
performance degradation provides a quantitative confirmation
of the substantial domain gap between the datasets.

2) Generalization Performance: Having established the
challenge of domain shift, we now evaluate LISA’s general-
ization performance using a “leave-one-domain-out” protocol.
The dataset is composed of three distinct acquisition domains.
The shift from controlled artificial light (Lab) to the continu-
ously evolving natural sunlight in the morning and afternoon
represents a set of complex, non-linear changes in illumination
intensity and spectral composition (as shown in Fig. 2b).
LISA’s ability to consistently outperform all baselines in these
challenging leave-one-domain-out scenarios serves as robust
quantitative evidence of its effectiveness under diverse and
challenging field conditions. The different models are trained
on a combination of two domains and tested on the held-out
third, with results against baselines presented in TABLE IV.

In the regression tasks, our model consistently outperforms
all baselines. When generalizing to the Field-AM target do-
main, LISA achieves an R? of 0.62 for Brix prediction. This
is a substantial improvement of 44% over the next-best deep
learning method, SiLLR-GAN (R? = 0.43), and demonstrates
clear superiority over the Predictor-Only baseline (R? = 0.41).
It also significantly outperforms classical methods, including
Partial Least Squares regression (R2 = 0.25). A crucial
result from this analysis is the direct comparison between our
data-driven LISA framework and the physics-based LOGSEP
baseline. The severe underperformance of LOGSEP (e.g., R?
of 0.17 when generalizing to Field-AM) underscores the lim-
itations of methods based on simplified physical assumptions.
Real-world vineyard illumination is a composite of direct
sunlight, atmospheric scattering, and complex, non-linear re-
flections and shadows from the canopy and within the bunch
itself, which are not adequately captured by linear models. In
contrast, LISA’s ability to learn these complex relationships
directly from data allows it to achieve significantly more
robust and accurate predictions, demonstrating the practical
superiority of a data-driven approach for this application.
A similar trend is observed when generalizing to the more
challenging Field-PM target, where our model leads with an
R? of 0.40. The performance on Acidity prediction follows
the same pattern, with our model achieving the highest R?
in both scenarios (0.47 and 0.38, respectively). This superior
performance indicates that our adversarial autoencoder learns
a more robust feature representation that is less sensitive to
illumination changes, making it better suited for predicting
intrinsic chemical properties.

A key advantage of our HSI-based quality pipeline is its
ability to perform implicit pixel-level masking. Unlike meth-
ods that rely on pre-segmenting grapes from RGB images [20],
which can be imprecise and lead to contamination from stems
or background, LISA’s feature extractor learns to distinguish
grape from non-grape pixels directly from the rich spectral
data. This ensures that only pure grape spectra contribute to
the final regression.

3) Analysis and Ablation Studies for LISA: To better under-
stand the sources of LISA’s robustness, we conducted a series
of analytical experiments and ablation studies.

First, to validate our architectural choices, we evaluated
several design variants for the feature extractor, with results
shown in TABLE V. The standard 2D CNN autoencoder
provided the best performance (R?=0.62) on the domain
generalization task. While a 3D CNN is theoretically a good fit
for HSI data, its higher parameter count makes it significantly
more prone to overfitting the training data. Its lower perfor-
mance suggests that it learned complex spatio-spectral features
that did not generalize well to the unseen test set. This result
confirms that our more streamlined 2D CNN design strikes
a better balance between model capacity and generalization,
making it the most effective core for LISA.

Second, we performed an ablation study on the composite
loss function to isolate the contribution of each component
(TABLE VI). The results demonstrate the synergistic impor-
tance of our complete loss design. The most critical component
is clearly the adversarial 10ss (Lgomain); its removal causes the



TABLE IV: Domain Generalization Performance on Unseen

Target Domains. Models are trained on a combination of two

domains and tested on the held-out third. Performance is measured by R? for regression tasks (higher is better, 1) and overal
accuracy (OA) for classification (higher is better, 1).The best performance for each metric is shown in bold.

Target: Field-AM (Train on Lab+PM)

Target: Field-PM (Train on Lab+AM)

Brix (R2) T Acid (R?) * Grape (OA) T+ Brix (R%) T Acid (R?) T Grape (OA) 1

Model

Predictor-Only 0.41 0.37
PLS [19, 20] 0.25 0.37
LOGSEP [24] 0.17 0.07
SiLLR-GAN [30] 043 043
LISA (ours) 0.62 0.47

0.97 0.19 0.21 0.95
0.98 0.13 0.18 0.97
1.00 0.33 0.02 1.00
1.00 0.38 0.29 1.00
1.00 0.40 0.38 0.99

largest performance degradation (R? drops to 0.50), confirm-
ing that forcing domain-invariance is the primary driver of
generalization. The manifold regularization and reconstruction
losses also provide positive contributions, guiding the model
to a more meaningful solution and preventing feature collapse.

Finally, to assess the model’s behavior, we visualized the
learned latent space using t-SNE (Fig. 5). The top row shows
that while raw data points cluster by domain (Fig. 5a), the
latent features from LISA are more mixed (Fig. 5b). This
visual observation is confirmed quantitatively: the accuracy
of a support vector machine (SVM) [47] classifier for do-
main prediction dropped by 15% (from 75.6% to 64.6%),
and the Maximum Mean Discrepancy (MMD) [48] between
domain distributions decreased by 27%. While greater domain
confusion could be achieved by increasing the weight of the
adversarial loss, our configuration strikes a deliberate balance
between achieving domain invariance and maintaining high
performance on the primary regression task. This process
ultimately organizes the unstructured raw data (Fig. 5c¢) into
a more coherent manifold based on the target Brix value
(Fig. 5d), which is an ideal feature representation for robust
regression.

TABLE V: Comparison of different architectural choices for
the feature extractor on the Field-AM subset. The 2D CNN
autoencoder is selected for the final LISA model.

Architectural Variant Brix (R?)
2D CNN Autoencoder (Chosen) 0.62
3D CNN Autoencoder 0.51
Variational AE (2D CNN) 0.60
Bi-Classifier Architecture 0.60

TABLE VI: Ablation study of LISA’s loss components. The
full model is compared against variants with a single loss term
removed on the Field-AM subset.

Model Variant Brix (R?)
LISA (Full Model) 0.62
Ablations:

- w/o Adversarial Loss (Ldomain) 0.50

- w/o Manifold Reg. (Lmanifold) 0.56

- w/o Reconstruction Loss (Lrecon) 0.60

Domain

® Lab
Field-PM
® Field-AM

(a) Raw Data, Colored by Domain (b) AE Latent Space, by Domain
Brix
20
4 »
e 15

(c) Raw Data, Colored by Brix (d) AE Latent Space, by Brix

Fig. 5: t-SNE visualization demonstrating the effectiveness
of LISA in learning domain-invariant and task-relevant fea-
tures. (Top Row: Domain Invariance) Points are colored by
their acquisition domain (Lab, Field-AM, Field-PM). While
the raw data (a) shows more distinct clustering based on
lighting conditions, the learned latent space (b) shows that
the three domains are more intermixed, confirming the model
has learned features that are invariant to the domain shift.
(Bottom Row: Task-Relevant Structure) Points are colored
by their ground truth Brix value. The model transforms the
unstructured distribution in the raw data (c) into a more
continuous manifold in the latent space (d), where samples
with similar Brix values are located near each other. This
structured representation is ideal for robust regression.

C. Integrated In-Field Yield and Quality Mapping

The ultimate goal of our robotic system is not to perform
individual predictions, but to synthesize this information into
a spatially-aware map that can guide agricultural decisions.
This is accomplished by integrating the optimal components
identified in our previous analyses: the YOLOv11-l detector,
selected for its Recall (0.82); the 2D CNN weight regressor,
chosen for its superior R? of 0.76; and our novel LISA frame-
work for robust quality assessment across domains. Crucially,
this entire analytical pipeline is efficient, capable of processing
a full vineyard row scan on a CPU (Intel Core i5-10210U)
without GPU in approximately one-third of the time required
for data acquisition, enabling real-time operation.

To quantitatively validate the end-to-end reliability of the
integrated pipeline, which combines the optimal yield, qual-
ity, and detection models identified in our component-wise
evaluations. We performed a final evaluation on a completely
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Fig. 6: Visualization of the integrated system’s output on a
single hyperspectral scan captured by the robotic platform.
The YOLO-based module detects individual grape bunches
(green bounding boxes). For each detected bunch, the system
predicts and displays its unique identifier (ID), estimated
weight (W), and the average predicted quality parameters
(Brix and Acidity) derived from the LISA framework. This
demonstrates the system’s ability to generate rich, spatially-
resolved data points in a complex, in-field environment, which
can then be used to create comprehensive vineyard maps.

held-out test scan containing 13 grape bunches, captured in
the field under lighting conditions intermediate to the main
AM and PM training domains. Given the small sample size of
this scan (N=13), we report performance using Mean Absolute
Error (MAE) and Mean Absolute Percentage Error (MAPE).
For the primary quality task, the system achieved a MAE
of 0.92° Brix (4.24% MAPE). For the other parameters, it
achieved a MAE of 0.12 g/L for acidity (15.8% MAPE) and
44.8 g for weight (32.2% MAPE). These results from a novel
in-field scan confirm the system’s practical performance and
its potential for reliable, on-the-fly mapping.

Fig. 6 showcases the per-bunch data generated by the system
from a small window of a single hyperspectral scan captured
in the field. This visualization serves as a demonstration of
the end-to-end pipeline in action. Each detected bunch is
successfully localized and annotated with its unique tracker
ID, its predicted weight (W), and the average Brix and Acidity
values derived from the LISA model. Notably, the predictions
in the figure reveal significant intra-vineyard variability, even
within this single field of view. For instance, predicted Brix
values range from 19.6 to 20.8, while estimated weights vary
dramatically from 64g to 135g. This is precisely the granu-
lar, high-frequency data that traditional destructive sampling
methods fail to capture.

Each of these predictions is associated with the GPS coor-
dinates captured at the time of the scan. By aggregating these
individual georeferenced data points as the robot traverses
the vineyard, a high-resolution map of quality and yield can
be generated. These maps allow growers to visualize trends,
identify underperforming zones, and delineate management
areas for targeted interventions, such as selective harvesting
or variable-rate fertilization, thereby fulfilling the core promise

of precision viticulture.

VII. CONCLUSION

The practical deployment of autonomous robotic systems
for precision agriculture is often impeded by environmental
variability. In this work, we addressed the critical challenge of
changing illumination for hyperspectral sensing by developing
an end-to-end, IoT-enabled robotic system for in-field grape
quality and yield assessment. The core of our contribution
is the Light-Invariant Spectral Autoencoder, a novel domain-
adversarial framework that learns robust features directly from
uncalibrated hyperspectral data.

Through experiments on a unique multi-domain dataset,
LISA demonstrated superior generalization, outperforming
baseline methods by over 20% in predicting Brix and Acidity
under unseen lighting conditions. Ablation studies confirmed
that the adversarial component is the key driver of this
robustness. We integrated this novel quality prediction module
with a high-performing yield estimation pipeline, for which we
identified a YOLOv11-Large for bunch detection (0.82 Recall)
and a 2D CNN for weight prediction (0.76 R?) as the optimal
architectures.

This work represents a significant step towards developing
truly autonomous and field-deployable HSI systems. By tack-
ling the fundamental challenge of illumination invariance at
the algorithmic level, our integrated system reduces the need
for impractical field calibrations and successfully generates the
high-resolution, georeferenced data of both quality and yield
required to enable data-driven decision-making in precision
viticulture.

VIII. LIMITATIONS AND FUTURE WORK

While this work demonstrates a significant step forward, we
acknowledge several limitations that open avenues for future
research.

o Bridging the Performance Gap: While LISA marks a
substantial improvement over baselines, the absolute per-
formance for cross-domain quality prediction (i.e., R? of
0.62 for Brix) indicates a remaining gap to the level of
accuracy required for high-stakes commercial decisions.
Future research should focus on bridging this gap.

o Data-driven Approach: The effectiveness of our data-
driven approach is contingent on the training dataset’s
diversity. While our current dataset was acquired during
a focused one-day collection campaign, a key limitation
is the substantial upfront investment required to scale this
effort. Capturing a wider range of grape varieties, growth
stages, and environmental conditions would necessitate a
significantly larger data collection campaign. Future work
could explore methods like advanced data augmentation
or semi-supervised learning to mitigate this data acquisi-
tion burden.

o Dataset Scope: Our validation is performed on a single
grape variety (Chardonnay) and location. Future work
should test the system’s robustness across different va-
rieties, which possess unique spectral signatures [49], as
well as across different growth stages and geographical



locations to further validate its generalization capabili-
ties. Investigating performance on fully unpaired datasets
would also be a valuable next step.

o Stateless vs. Temporal Modeling: LISA’s stateless, per-
image design ensures operational flexibility and robust-
ness to abrupt illumination shifts (e.g., moving between
sun and shadow). However, it does not leverage temporal
correlations in changing sunlight. Future work could
explore hybrid architectures that fuse temporal and in-
stantaneous features. For example, a recurrent layer could
process a sequence of recent spectral features to model
the gradual drift in illumination. This could enhance sta-
bility while retaining the benefits of a stateless approach.

e Physical Model Integration: LISA operates as a data-
driven model. Integrating explicit physical light transport
principles or atmospheric correction models into the
adversarial framework could further improve performance
and yield more interpretable, calibrated reflectance fea-
tures.

e Advanced Model Architectures: While our 2D-CNN
backbone for LISA proved effective, exploring more
sophisticated architectures, such as Vision Transformers
(ViTs) for either the feature extractor or the prediction
heads, could potentially unlock further performance gains
from the rich spatio-spectral data.

o Expansion of Prediction Tasks: The framework can be
extended to predict other critical quality parameters, such
as pH, tannins, or flavonols, which are also usefull for
winemaking decisions [50].

Addressing these areas will continue to bridge the gap between
promising research and the widespread deployment of intelli-
gent robotic systems in real-world agricultural environments.
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