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Abstract— In agricultural robotics, the integration of multi-
spectral image processing and deep learning (DL) has become
the state-of-the-art (SOTA) in crop monitoring, yield estimation,
and efficient land management. This work addresses the impact
of different DL-segmentation models and evaluation protocols
on multispectral imagery datasets collected by a UAV over
vineyards. In terms of evaluation protocols, we have considered
train-test split, standard k-fold cross-validation, and group
k-fold cross-validation. While the first two assume that the
training and test data are drawn from the same underlying
distribution, the group k-fold cross-validation protocol assumes
that each fold represents distinct distributions. Most works
either adopt train-test split or k-fold cross-validation under
the assumption that both the training and test sets are drawn
from the same distribution. However, this assumption is rarely
met in real-world applications. Therefore, the objective of this
study is to evaluate and compare different evaluation protocols
within the context of a real-world agricultural task, highlighting
their limitations and weaknesses. Two SOTA DL-based seg-
mentation models, SegNet and DeepLabV3, are employed to
perform semantic segmentation on datasets of three Vineyards.
The models have been trained and tested considering single-
modality representations. In addition to the RGB modality,
models trained on NDVI, GNDVI and early fusion are also
evaluated. The performance of the models are evaluated using
the IoU metric across different dataset configurations. The
results indicate that the early fusion representation achieves
the highest performance across the various splitting protocols,
compared to the single-input representations. The results also
show that the train-test and random k-fold splitting approaches
report similar results. However, when employing group k-
fold the performance drops consistently across both models
and the modalities. This indicates that the models lack strong
generalization capabilities to new data and, on the other hand,
that the train-test and random k-fold splitting protocols are
appropriate to evaluate model within the same distribution but
are less adequate for out-of-distribution assessment.

I. INTRODUCTION

Image segmentation plays a crucial role in modern preci-
sion agriculture due to facilitating the precise classification of
remote sensing imagery (obtained from satellites and/or UAV
drones). This, in turn, indirectly contributes to more efficient
and accurate monitoring of crop health, yield estimation,
and land management [4]. In this domain, multispectral
imagery has emerged as a key source of information due
to its sensitivity to variations in chlorophyll content, leaf
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Fig. 1: Illustration of the use of deep learning models applied
to precision agriculture based on mulstispectral imagery
collected by an UAV (drone).

moisture, and stress levels in plants [20]. Advancements
in image segmentation, particularly in machine learning-
based approaches, have been largely driven by deep learning
(DL) techniques, which enable pixel-wise classification using
end-to-end learning [15]. Among the various DL models,
SegNet [3] and DeepLabV3 [8] have emerged as state-of-the-
art architectures for semantic segmentation (shown in Fig. 1),
each offering unique advantages in terms of performance and
complexity. However, many existing studies rely on dataset
splitting strategies, such as random train-test splits or k-
fold cross-validation, which may not be sufficient for gen-
eralizing the model effectively across different conditions.
These approaches can result in overfitting, as the evaluation
is constrained to specific splits of the data, limiting the
robustness of the model when faced with unseen data.

This work focuses on evaluating DL-based segmenta-
tion models in vineyard datasets by employing different
dataset split strategies, including train-test splits and cross-
validation techniques. The segmentation models were tested
on multispectral images incorporating RGB (Red, Green,
Blue), NDVI (Normalized Difference Vegetation Index), and
GNDVI (Green Normalized Difference Vegetation Index)
modalities. Additionally, an early fusion strategy was devel-
oped to combine these modalities to enhance segmentation
performance. Complementary descriptions and the frame-
work’s stages are shown in Fig. 2.

The dataset used in this study was collected from three
distinct vineyards in Portugal: Valdoeiro, Quinta-de-Baixo,
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and ESAC. A detailed description is presented in [5]. These
datasets encompass various environmental conditions en-
suring a diverse representation for model evaluation. The
performance of the segmentation models was assessed using
the Intersection over Union (IoU) metric across different
dataset configurations.

This paper aims to provide valuable insights into the appli-
cation of SOTA deep-segmentation models for multispectral
image segmentation in precision agriculture using real-world
datasets. By exploring the impact of various dataset split
strategies on model performance and modalities, this study
concentrates on the advantages and drawbacks of single
vs multi-representations and their performance on cross-
domains (distribution shift) test-sets.

One of the key findings of this work is the signifi-
cant improvement in segmentation performance achieved by
early fusion when combining multispectral modalities. Ad-
ditionally, although group-based cross-validation exhibited
the lowest performance, it provides a more realistic - and
challenging - measure of model generalization. This method-
ology highlights the importance of considering dataset size
and diversity, as performance can substantially degrade when
the model is applied to more heterogeneous data.

The remainder of this paper is organized as follows, Sec-
tion II describes the related work on multispectral semantic
segmentation applied to precision agriculture. Section III
presents the proposed approach. In Sect. IV will be describe
the experimental part and discuss the reported results. Fi-
nally, Sect. V concludes the paper with remarks and future
directions.

II. RELATED WORK

The literature on image segmentation is vast and diverse,
encompassing a wide range of applications and method-
ologies. However, given the scope of this work, our focus
is specifically on those techniques related to the context
of precision agriculture with an emphasis on advanced
image processing methods, including deep learning (DL)
approaches [13] [17].

In the area of precision agriculture, the effectiveness
of deep learning models in distinguishing between crops
and weeds has been of great importance, generating the
potential for automated weed control and modern agricul-
tural robots thus, increasing production and reducing the
use of chemicals [18] [11]. The use of convolutional neu-
ral networks (CNN) to analyse hyperspectral images has
proved essential for verifying soil conditions and properties,
which optimises crop growth. These advances indicate the
increasing use of computational techniques to solve complex
problems [14] [1]. The development of SOTA models such
as U-Net [15], SegNet [3], and DeepLabV3plus [7] have
grown and brought even more improvements to semantic
segmentation in various areas [19].

The recent adoption of deep learning methods in agricul-
ture related tasks for UAV or Satellite imagery segmentation
can be successfully exemplified by deep neural networks

(DNNs) such as Mask R-CNN [12], U-Net [15], and Frac-
TAL ResUNet [10]. These networks have shown great results
for satellite images. Additionally, the innovative architecture
of new networks, such as the U-Net++ model [21], has also
shown great results, which shows the power of deep learning
approaches for solving complex problems [16] [11] [5].

Some works have highlighted the importance of variance
in cross-validation and introduced the concept of variance
estimation in model evaluation. For instance, Bengio and
Grandvalet [6] focused on theoretical aspects with limited
practical implementation guidelines. Additionally, Arlot and
Celisse [2] provided a comprehensive survey of cross-
validation methods, discussing their theoretical properties
and practical applications. However, their survey is more
focused on theoretical comparisons rather than empirical
evaluations. In contrast, our work emphasizes practical im-
plementation and application, specifically focusing on the use
of cross-validation techniques in precision agriculture.

III. METHODOLOGY

This section details the methodology adopted for enhanc-
ing multispectral image segmentation on vineyard datasets
using deep learning models. The approach encompasses the
selection of models, the dataset domains, and the imple-
mentation of various dataset split strategies to evaluate the
performance of the segmentation techniques.

Two state-of-the-art DL architectures are utilized for se-
mantic segmentation, SegNet and DeepLabV3. The SegNet
model is a deep convolutional encoder-decoder architecture
designed for pixel-wise segmentation. It is known for its sim-
plicity and effectiveness in various segmentation tasks [3].
Regarding DeepLabV3, it is a more complex segmentation
model that utilizes atrous convolutions and spatial pyramid
pooling to capture multi-scale context [7].

The dataset comprises multispectral images from three
vineyards in Portugal: Valdoeiro (VAL), Quinta-de-Baixo
(QDB), and ESAC [5]. These datasets include images cap-
tured by a drone (UAV) equipped with a multispectral camera
sensitive to the bands R, G, B, NIR and RE.

The Fig. 3 illustrates the process of splitting diagram.
Initially, the conventional Train-Test Split method is em-
ployed. The entire dataset, which comprises data from three
vineyards, is divided into two subsets: a training dataset
and a test dataset. This methodology offers a straightforward
approach for evaluating the model’s performance on unseen
data.

Secondly, k-fold cross-validation is utilized (illustrated
in Fig. 3). The dataset is divided into k-folds where each
fold is used once as a test set while the remaining folds
are used for training. This process is repeated k times (the
number of folds), and the performance metrics are averaged
to provide an overall evaluation of the model´s performance.
This strategy helps to mitigate the overfitting by ensuring that
each data point is used for both training and testing.

Finally, group-based cross-validation was applied, a more
challenging and less explored strategy. The dataset is divided
into groups based on vineyard locations. Cross-validation is
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Fig. 2: Workflow of the Multispectral Dataset Processing. The diagram illustrates the steps involved in processing
multispectral datasets, including the input of RGB, NDVI, and GNDVI images, data splitting for train-test or cross-validation,
and the application of Segnet or DeeplabV3 models for segmentation. The workflow culminates in the output of segmentation
results.

then performed by training the model on data from two
vineyards and testing it on the remaining vineyard. This
process is repeated for all three datasets, and the performance
metrics are averaged to provide an overall performance
assessment. These strategies collectively ensure a compre-
hensive evaluation of the segmentation models’ performance
and generalization capabilities.

IV. EXPERIMENTAL EVALUATION

This section describes the experiments conducted with
the proposed approach, utilizing SegNet and DeepLabV3 as
baselines. The experiments are conducted within an agricul-
tural context with the objective of segmenting vine plants.
This segmentation task is crucial for precision agriculture, as
it helps in monitoring the health and growth of the plants,
leading to better yield and efficient resource management
using robotic systems.

Specifically, RGB, NDVI, GNDVI images, and a combina-
tion of all three (Early Fusion) was employed. These modal-
ities capture different aspects of the vine plants, providing
a comprehensive and representative case-study that exposes
the models and approaches to real-world conditions.

The RGB images provide standard color information,
which is useful for general visual features. NDVI is a
widely used vegetation index that highlights the presence and
condition of vegetation by measuring the difference between
near-infrared (which vegetation strongly reflects) and red
light (which vegetation absorbs). GNDVI, on the other hand,
is similar to NDVI but uses the green band instead of the red
band, providing an alternative measure of plant health that
can be more sensitive to chlorophyll content.

TABLE I: Dataset information for three sequences: Quinta
de Baixo (QTA), ESAC, and Valdoeiro (VAL). Each image
has dimensions of 240 x 240 pixels. The bands used are Red
(R), Green (G), Blue (B), and Near-Infrared (NIR).

Sequence QTA ESAC VAL
Samples 120 189 150

To complement and extend the baseline experimental
part, an early-fusion technique (E.FUS) has been developed.
Basically, E.FUS concatenates the RGB, NDVI, and GNDVI
images into a single multi-channel input. This approach
leverages the strengths of each modality, allowing the seg-
mentation model to utilize a richer set of features. A com-
prehensive study was conducted to assess the segmentation
performance of SegNet and DeepLabV3 on these various
modalities.

The experiments involve training both models on the dif-
ferent input representations and evaluating their performance
using the Intersection over Union (IoU). By comparing the
results across the different modalities and models this paper
aims to identify the most effective approach for segmenting
vine plants in realistic agricultural setting.

A. Dataset & Evaluation

The evaluation of the approaches has been conducted on a
vineyard dataset comprising areal multispectral imagery from
three vineyards located at distinct locations in the central
region of Portugal [5]. Thus, giving representativeness and
diversity conditions - which are essential in machine learning
and sensory perception. The collected data were recorded
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Fig. 3: Overview of Datasets and Cross-Validation Process. The diagram depicts the datasets used in the study, namely QTA
Baixo, ESAC, and Valdoeiro datasets. It also illustrates the cross-validation process by group, ensuring a comprehensive
evaluation of the model’s performance across different subsets.

during distinct seasons, using an Unmanned Aerial Vehicle
(UAV) equipped with X7 RGB camera and a multispectral
Micasense Altum sensor. The dataset provides ground-truth
annotations for the vine plants [5].

In this work, we followed the evaluation strategy proposed
in [9], where musltispectral sensory data is used, namely the
RGB and NIR spectral bands. The evaluation is conducted
on RGB images, and on two distinct vegetation indices,
namely the NDVI and GNDVI. These indices are calculated
from the spectral reflectance measurements captured in the
RED, GREEN, and NIR (Near-Infrared) bands, which are
computed as follows:

NDV I =
NIR−RED

NIR+RED
(1)

GNDV I =
NIR−GREEN

NIR+GREEN
. (2)

Besides the aforementioned modalities, an additionally
representation is evaluated, combining RGB, NDVI and
GNDVI in a single input modality, stacking the tree rep-
resentations channel-wise. This representation is referred to
as Early Fusion (E.FUS). All modalities have been re-sized
to a 240 × 240 shape. Detailed information of each sequence
is provided in Table I. The results are reported using IoU ,
which is obtained as follows:

IoU =
TP

TP + FP + FN
(3)

where TP, TN, FP, and FN represent True Positives, True
Negatives, False Positives, and False Negatives, respectively.

In this work, we chose to use IoU instead of the Dice
metric, as IoU is a widely adopted standard metric in seg-
mentation tasks, particularly among state-of-the-art methods.
IoU provides a more stringent evaluation by penalizing
smaller differences between the predicted and ground truth
segmentations, which allows for a more accurate assessment
of the model’s performance. Additionally, IoU has become
the de facto metric in several benchmarks and segmentation
challenges, making it more suitable for comparative analysis.
While Dice and IoU are similar in many ways, IoU’s stricter
penalty for discrepancies makes it particularly appropriate
for our task where precise boundary matching is crucial.

B. Training and Implementation Details

All models were trained and evaluated under uniform
conditions, namely executed on a machine equipped with an
AMD Ryzen 9 5900X 12-Core CPU with 64 GB RAM and a
NVIDIA GeForce RTX3090 GPU. The code is implemented
in Python 3.9, utilizing PyTorch with CUDA 11.7.

The DL-based segmentation models, SegNet and
DeepLabV3 were implemented based on their original code.
The training was made with a learning rate of 10−3, a batch
size of 30 images, while testing was performed with a batch
size of 3. As for the DeepLabV3 model, the ResNet-50
CNN as backbone was used.



TABLE II: Performance metrics are reported using IoU in percentage [%]. The performance of each approach is presented
across different evaluation strategies: Cross Validation (Group), Split (70-30, 75-25, and 80-20)%, Cross Validation (3 Folds,
4 Folds, 5 Folds, and 6 Folds). Values in bold highlight the best performance.

Cross Val:
3 Folds

Cross Val:
4 Folds

Cross Val:
5 Folds

Cross Val:
6 Folds

Split:
70%-30%

Split:
75%-25%

Split:
80%-20%

Cross Val:
Group

Se
gN

et

RGB 68.33 72.71 72.64 72.54 70.47 75.35 74.11 36.83
NDVI 68.91 69.04 69.54 69.00 67.24 62.22 68.02 38.10

GNDVI 67.58 67.90 67.50 68.21 68.39 67.77 68.81 37.15
E.FUS. 73.33 73.58 74.03 73.69 72.86 73.31 74.17 46.43

D
ee

pl
ab

V
3 RGB 72.37 73.25 73.23 73.45 71.37 69.78 70.92 27.78

NDVI 68.78 69.22 69.53 69.64 66.86 67.22 67.39 23.69
GNDVI 67.27 67.63 68.01 68.32 66.78 67.74 66.90 12.66
E.FUS. 72.72 72.88 73.54 73.65 72.76 72.23 71.17 32.23

C. Results & Discussion

The evaluation of the approaches is conducted on multi-
spectral imagery collected from three vineyards in Portugal:
Valdoeiro (VAL), Quinta-de-Baixo (QDB), and ESAC. Each
vineyard dataset includes RGB, NDVI, and GNDVI images,
providing a comprehensive basis for segmentation tasks.
Table II reports the segmentation performance of SegNet and
DeepLabV3 across different dataset split strategies, train-
test split and two cross-validation techniques. The results
indicate that early fusion (E.FUS.) of RGB, NDVI, and
GNDVI images consistently outperforms individual modali-
ties, demonstrating significant improvements in IoU metrics.
For instance, SegNet achieved an IoU better with early fusion
under the cross-validation by k-folds strategy, compared with
the train-test split.

Figure 4 shows some image segmentation results for the
various modalities and dataset split strategies, indicating
qualitative differences in the segmentation outputs, showcas-
ing the superior performance of early fusion techniques and
cross validation by k-folds.

The fourth column of the image illustrates the poorest seg-
mentation results, where the real image significantly diverges
from the segmented output. This outcome is attributed to the
low performance index of the model on a particular subset of
the dataset, which was divided according to groups/domains.
In contrast, when alternative methods of dataset division
are employed, the segmentation results do not exhibit such
marked discrepancies.

The quantitative and qualitative results highlight the ef-
fectiveness of using early fusion strategies for multispec-
tral image segmentation in vineyards. By combining RGB,
NDVI, and GNDVI modalities the models can leverage a
richer set of features, resulting in more accurate and detailed
segmentation.

This paper also reveals that cross-validation by group,
while providing a more realistic measure of model gen-
eralization, exhibits the lowest performance metrics. This
outcome suggests that when evaluating model generalization
capabilities it is crucial to consider the size and diversity of

the dataset.
In conclusion, our findings highlight the potential of

advanced deep learning models combined with thoughtful
dataset split strategies to enhance the performance of agri-
cultural monitoring systems. These insights pave the way for
more precise, efficient, and sustainable agricultural practices,
ultimately benefiting crop management and resource utiliza-
tion.

V. CONCLUSION

This study demonstrates the potential of DL-based multi-
spectral image segmentation in precision agriculture, specif-
ically within vineyard datasets, with many different splitting
sets. By employing state-of-the-art segmentation models,
SegNet and DeepLabV3, and evaluating them across various
dataset split strategies, including train-test splits and cross-
validation techniques, this research provides a comprehensive
analysis of their performance.

The results highlight the significant improvements in seg-
mentation performance achieved through the early fusion
of RGB, NDVI, and GNDVI modalities. This approach
leverages the unique strengths of each spectral band, leading
to more detailed and precise segmentation outcomes. Addi-
tionally, the study emphasizes the importance of dataset split
strategies in evaluating model performance. While cross-
validation by group demonstrated the worst performance
metrics, it provided a crucial insight into the generalization
capabilities of the models, reflecting more realistic scenarios
in diverse agricultural environments. This strategy, however,
demands careful consideration of dataset size and diversity
to mitigate potential performance drops.

Overall, our findings offer valuable insights for researchers
and practitioners in the field of precision agriculture. The
combination of advanced deep learning models with diverse
dataset splitting techniques presents a powerful tool for en-
hancing the performance of agricultural monitoring systems.
As future work, we will continue to explore the integration
of additional multispectral bands and further refine dataset
split strategies to maximize model generalization and perfor-
mance.
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