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Abstract

The optimization of herbicide application is one of the most important topics in Precision Agriculture,
driven by both economic efficiency and ecological sustainability. Excessive herbicide use can lead to
soil degradation, water contamination, and negative impacts on biodiversity, while also contributing
to human health risks and climate-related concerns. Developing accurate, automated approaches for
distinguishing crops from weeds is therefore essential to support sustainable agricultural practices.
In this paper, a novel architecture for crops and weed segmentation in tobacco plantations is
proposed: a U-Net variant which incorporates several specific design elements, including deep
supervision, a Vegetation Global Context block, and a dual-headed output that separately predicts
vegetation and crop masks. Weed regions are derived as the difference between vegetation and crop
predictions, allowing the model to enforce logical consistency directly within a single framework, in
contrast to other two-step approaches. The proposed architecture was evaluated using multiple
modern encoder backbones. Experimental results demonstrate that this architecture not only
improves segmentation accuracy compared to prior approaches, with best scores of 94.24% Dice for
crop segmentation and 93.72% for weeds, but also significantly reduces inference time by avoiding
multi-stage pipelines, making it much better suited for real-time deployment in field conditions.

Keywords: artificial neural networks; ensemble of neural networks; image segmentation; agricultural
crops; weed identification

1. Introduction

In the domains of Smart and Precision Agriculture, the detection and segmentation of weeds
represent an important step in the adaptive application of pesticides, one of the most important tasks
in an increasingly more pressing need of environmentally responsible, resource-efficient, and
economically sustainable agricultural practices. With the steady growth of the global population and
the parallel intensification of agricultural practices, the indiscriminate use of herbicides has led to
severe environmental, economic, and health-related concerns. Reports indicate a projected increase
of global food demand by an estimated 50%-60% between 2010 and 2050 to meet the needs of a larger
and more affluent population, placing additional pressure on agricultural systems to produce more
with limited resources while avoiding further ecosystem degradation [1]. Both rising global
population and increasing per-capita income significantly drive the demand for food —especially for
calories and for higher-value food products such as meat and dairy, which require more crop calories
as feed. Under a central scenario with a 39% population increase by 2050, total available food calories
are projected to grow by about 44%, and crop calories by about 47% relative to 2011. Future increases
in food demand will continue to exert pressure on cropland and agricultural systems. How this
demand is met—as a function of productivity growth, dietary change, and land use adjustment—
affects food prices, resource use, and the size of the global agricultural footprint by mid-century [2].
While the agricultural land area has also consistently increased through the years, and agricultural
productivity growth reduced the use of natural and environmental resources, the total factor
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productivity growth has slowed down between 2011 and 2020, and this stagnation may affect food
prices, the expansion of agriculture into more natural lands, and global food security [3]. The effects
of climate change on agricultural activity and yields may further affect the capacity of food systems
to meet rising demand, as increasing temperatures, altered precipitation patterns, and more frequent
extreme weather events are projected to reduce average yields for major staple crops in many regions
and place additional stress on production systems. Under severe climate scenarios and without
effective adaptation, scientists indicate simulated losses in crop yields such as wheat, rice, and maize
range from approximately 7% to 23%, highlighting the sensitivity of global agriculture to climatic
shifts and water stress [4]. Widespread and repeated herbicide applications have been linked to
contamination of soils and aquatic systems via runoff and leaching, reductions in plant, microbial,
and animal biodiversity, and the proliferation of herbicide-resistant weed populations that
complicate management and ecosystem function. These impacts include adverse effects on non-target
organisms across trophic levels, alterations in community structure, and diminished habitat quality
in agroecosystems [5]. Precision Agriculture addresses these challenges by tailoring field treatments
to local conditions, reducing chemical usage while maintaining or improving crop yields.

Within this framework, accurate weed detection and segmentation enable site-specific weed
management strategies, such as variable-rate spraying [6] and robotic mechanical removal [7]. These
approaches rely heavily on computer vision and machine learning techniques capable of
distinguishing crops from weeds under highly variable field conditions, including changes in
illumination, soil background, crop growth stages, and weed morphology. Deep learning
approaches, such as convolutional neural networks, vision Transformers, and hybrids, have
revolutionized agricultural image analysis, making it possible to identify and map weeds in real time
with high spatial accuracy. By learning rich visual features directly from field images, these networks
overcome the limitations of manually designed descriptors and remain robust to environmental
variability. Fully convolutional and attention-based architectures provide detailed, pixel-level
segmentation, enabling precise weed localization and supporting downstream actions such as
variable-rate spraying or robotic removal. These advances position deep learning as a key technology
for efficient and scalable site-specific weed management.

Nevertheless, several challenges remain. The high intra-class variability of weeds, their visual
similarity to crops at early growth stages, and the scarcity of well-annotated datasets limit the
robustness and generalizability of existing models. Furthermore, deployment constraints such as
computational efficiency, energy consumption, and real-time inference requirements must be
considered for practical field applications. Addressing these issues is crucial for the development of
reliable, scalable, and environmentally responsible weed control systems, reinforcing the central role
of weed detection and segmentation in the broader context of sustainable and intelligent agricultural
practices.

Tobacco (Nicotiana tabacum L.) is the principal species cultivated for commercial tobacco
production worldwide, valued for its cured leaf used in smoking, chewing, and nicotine extraction.
Though tropical in origin, cultivated tobacco is grown across a wide range of climates and requires a
frost-free period following transplanting to reach maturity in the field, with seedlings typically raised
in beds and later transplanted at defined spacings into prepared soil [8]. The crops’ establishment as
transplants and relatively wide row spacings expose considerable bare soil early in the season, which
can facilitate weed emergence that competes with young plants for light, water, and nutrients,
making precise and timely weed management a key agronomic practice in tobacco systems.

Weed infestations in tobacco fields are diverse and highly variable, consisting of both annual
and perennial species with growth patterns that often overlap with the crop during early
phenological stages, leading to significant crop losses [9]. Many common tobacco weeds exhibit
morphological similarities to young tobacco plants, complicating visual discrimination and
increasing the risk of misapplication during control operations. Additionally, tobacco is particularly
sensitive to herbicide injury, which limits the range and dosage of chemical treatments that can be
safely applied [10]. These factors make conventional blanket spraying inefficient and potentially
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damaging, highlighting the need for accurate weed detection and segmentation methods that enable
selective interventions tailored to the specific weed pressure within tobacco fields.

In this context, the following paper presents a hierarchical semantic segmentation solution that
accurately distinguishes crops from weeds in tobacco fields, leveraging multi-scale contextual
information and spatially-aware decoding to capture fine-grained structures while maintaining
efficiency suitable for real-world field applications.

Numerous works on weed detection and segmentation expand on methods based on either
encoder—decoder architectures or forms of Pyramid Pooling. Building on these foundations, recent
research increasingly focuses on integrating multi-scale attention mechanisms and lightweight
backbones to balance precision with real-time performance in the field. Some approaches fuse
spectral or depth cues with RGB imagery to mitigate occlusion and illumination variability, while
others explore transformer-based designs that capture broader spatial context without sacrificing
fine-grained boundary detail. Together, these directions reflect a shift toward models that can
generalize across diverse crop types, growth stages, and environmental conditions while remaining
efficient enough for deployment on edge devices in agricultural settings.

To enable deployment on edge devices and UAVs, significant effort has been directed toward
reducing the computational burden of semantic segmentation models. Zuo and Li [11] proposed an
improved U-Net by replacing the standard encoder with MobileNetV3 and integrating a Pyramid
Pooling Module (PPM), achieving high accuracy with reduced parameters in weed segmentation in
corn fields. Similarly, the authors in [12] introduced CWRepViT-Net, which utilizes RepViT blocks
in the encoder and a modified U-Net decoder, leveraging transfer learning to balance speed and
precision. Habib et al. [13] proposed DWUNet, which employs blocks centered around depth-wise
separable convolutions to minimize inference time (8 ms per image).

Beyond CNNs, lightweight Transformers have also gained traction. Castellano et al. [14]
adapted Lawin, a Transformer-based encoder-decoder semantic segmentation architecture, for weed
mapping by adding NIR and RE bands capability through the addition of a second encoder and
multiple feature fusion blocks.

To address the limitations of CNNs in capturing global context and Transformers in capturing
local details, recent works have increasingly adopted hybrid architectures. Jiang et al. proposed
SWFormer [15], a scale-wise hybrid network that integrates Convolutional Modulation with
Transformer blocks to capture multi-granularity information. Sun et al. [16] developed a dual-branch
architecture combining a CNN branch for local boundary enhancement and a Transformer branch
for global modeling. Similarly, Madeshwar et al.[17] and Mei et al. [18] integrated attention
mechanisms (AMFF — Adaptive Multispectral Feature Fusion —and AFMA — Across Feature Mapping
Attention —, respectively) into U-Net-like structures to improve the segmentation of small, irregular
weed targets. While these architectures improve accuracy, they process the entire image at high
resolution or high complexity, which can be computationally wasteful, especially for images with
large, simple background areas.

Recognizing that single-stage models often struggle with fine details, hierarchical approaches
have been proposed to refine predictions. Awedat [19] introduced a dual-stage framework that first
detects weeds using YOLOVS (Object Detection) and then refines the bounding box regions using U-
Net (Segmentation). This "detect-then-segment" approach restricts expensive segmentation to
relevant areas but relies on the assumption that weeds fit neatly into bounding boxes, which is often
not the case for amorphous weed patches.

Other hierarchical methods focus on resolution rather than selection. Zhao et al. [20] combined
Super-Resolution Reconstruction (SRR) with semantic segmentation to enhance low-resolution drone
imagery before processing. Cheong et al. [21] addressed field-of-view limitations by using an
"outpainting" teacher network to guide a student network. These methods generally apply
refinement globally or based on spatial constraints, rather than model confidence. Uncertainty
estimation has also been explored to increase the reliability of agricultural robotic systems. In [22],
Celikkan et al. proposed a Bayesian DeepLabv3+ that outputs pixel-wise uncertainty estimates using
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Monte Carlo Dropout. Their work demonstrates that uncertainty maps can effectively highlight areas
where the model is prone to error (e.g., boundaries and occlusions).

The authors in [23] propose a two-step approach that most closely resembles our method. Their
work demonstrates that weed segmentation can be simplified by first addressing the easier task of
segmenting overall vegetation. In the first stage, the model performs binary segmentation, classifying
pixels as either vegetation or background, with background pixels set to zero. The resulting output
is then used as input for a three-class segmentation task, distinguishing background, crop, and weed,
with better scores than a traditional, one-stage U-Net. Our own past work [24] refined this concept
using an EfficientNet-backed two-stage U-Net, in which both stages performed binary segmentation,
achieving improved overall results, both in terms of accuracy and speed. While effective, the
sequential nature of these approaches increases computational cost and latency.

Despite these advancements, a critical disconnect remains between architectural efficiency and
hierarchical feature discrimination. Existing lightweight solutions (e.g., MobileNet-based U-Nets)
achieve inference speed by significantly reducing network depth, often sacrificing the high-level
semantic capacity required to distinguish morphologically similar crops and weeds. Conversely,
heavier architectures or Transformer-based models offer superior segmentation fidelity but are
computationally prohibitive for real-time edge deployment. Furthermore, current methodologies still
struggle to handle the geometric irregularity of agricultural targets. Multi-stage approaches, often
times slower, also tend to rely on object detection priors (bounding boxes), which are ill-suited for
amorphous, sprawling weed patches. While attention mechanisms have been proposed to address
this, they are rarely integrated effectively with modern hierarchical backbones in a way that enforces
logical consistency across scales and are most often computationally expensive.

To address these limitations, we propose a single-stage segmentation network that integrates
multi-scale contextual reasoning, simple spatial attention, and a Vegetation Global Context module.
By producing separate vegetation and crop predictions in one forward pass, the network derives the
weed probability as the residual vegetation not explained by crops, enforcing logical consistency
between classes. Multi-scale deep supervision guides intermediate features, enabling precise
delineation of fine-grained structures while maintaining computational efficiency suitable for real-
time deployment. We experiment with several modern backbones to illustrate how different
architectures balance segmentation performance and inference speed

2. Materials and Methods

2.1. Dataset

The dataset used for the experiments in this paper was introduced in [23], and is publicly
available at [25]. It comprises 210 images, taken across eight campaigns in Mardan, Khyber,
Pakhtunkwa, Pakistan, using a Mavic Mini drone, at an average altitude of 4 meters and a resolution
of 1920x1080. The authors also provide 480x352 resolution patches extracted from these images. The
segmentation masks were drawn manually and included three classes: background (pixel value of 0),
tobacco plant (value of 1) and weed (value of 2). An example of such patch is presented in Figure 1.
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Figure 1. Example of a patch-mask pair in the dataset. (a) a 480x352 patch; (b) ground-truth segmentation mask

for the patch. The gray areas represent tobacco plants, and the white areas represent weeds.

Unfortunately, the dataset presents two major issues. First, there are inconsistencies between the
masks and the patches: files sharing the same name do not correspond to the same region of the
original image. We have found that this is only a misnaming problem. A case like this is illustrated
in Figure 2.

(a) (b)

Figure 2. Example of a mismatched (a) patch image and (b) mask pair in the dataset (73.png from Campaign no. 1).

To address this issue, we extracted binary masks using an HSV-based green filter. For each
image patch, the extracted mask was compared against the set of ground truth masks in the dataset
using the k-nearest neighbors (k-NN) algorithm. The ground truth mask with the smallest distance
to the extracted mask was identified as the corresponding match, and the masks were renamed to
ensure correct correspondence. Figure 3 shows the correct pair found for the mismatched image
above.

Figure 3. (a) The same patch image as in Figure 2, and (b) its correct ground-truth mask, found using the k-
nearest neighbors HSV filter approach.
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The second issue concerns the noise present in the masks from the second data acquisition
campaign. Our preliminary experiments showed that these noisy samples negatively impact both the
segmentation models and the evaluation process. Consequently, we decided to exclude this portion
of the dataset from our experiments.

2.2. Neural Networks Used

2.2.1. U-Net Architecture

To effectively capture both semantic context and local textural details, we employ a U-Net
architecture. The network follows a symmetric encoder-decoder design. The encoder (contracting
path) progressively reduces the spatial resolution of the input while increasing feature
dimensionality, enabling the extraction of abstract semantic representations. The decoder (expanding
path) restores spatial resolution through successive upsampling stages, combining high-level
features with corresponding encoder features via skip connections to preserve localization accuracy.

Building upon the standard U-Net formulation, we introduce multiple specialized
modifications. These include a Vegetation Global Context block, designed to integrate global
contextual cues relevant to vegetation structure, and a dual-headed output design that predicts
vegetation and crop masks separately. This formulation allows weed regions to be computed
hierarchically as the difference between vegetation and crop predictions, enforcing logical
consistency directly within the network.

We also experimented with multiple modern encoder backbones within the same U-Net
framework: ConvNeXt V2, FastViT, RepViT and MambaVision. These include convolutional, hybrid
convolution-transformer, and state-space—inspired models.

2.2.2. ConvNeXt V2

Introduced in [26] as an attempt to apply Vision Transformer concepts in building a ConvNet
architecture, ConvNeXt modernized standard ResNets, enabling them to compete with the emerging
state-of-the-art transformer-based models. By adopting design principles from transformers—such
as larger kernel sizes, inverted bottlenecks, and simplified normalization—ConvNeXt retained the
efficiency and inductive biases of convolutions while achieving improved accuracy.

The architecture employs a minimalistic design: it replaces the original ResNet stem and
bottleneck blocks with streamlined convolutional blocks, uses LayerNorm instead of BatchNorm, and
incorporates depthwise convolutions to capture long-range dependencies more effectively.
ConvNeXt has demonstrated strong performance on image classification benchmarks, rivaling that
of Vision Transformers while maintaining lower computational complexity and better scalability for
downstream tasks such as object detection and segmentation. The paper presents multiple variants—
Tiny, Small, Base, and Large—which differ in the number of channels and layers per stage, scaling
model capacity and computational cost.

An updated version of the architecture, ConvNeXt V2, was proposed in [27]. Building on the
strengths of its predecessor, ConvNeXt V2 adopts an adapted version of the masked autoencoder
self-supervised training strategy, in which random portions of the input image are masked, and the
model is trained to reconstruct the missing content from the visible context using an encoder—decoder
framework.

This pretraining approach encourages the network to learn richer and more generalizable visual
representations, improving data efficiency and robustness. In addition, ConvNeXt V2 introduces
architectural refinements such as Global Response Normalization (GRN), which enhances feature
competition and stabilizes training at scale. Together, these changes allow ConvNeXt V2 to achieve
state-of-the-art performance across both supervised and self-supervised settings, while preserving
the simplicity and efficiency characteristic of convolutional networks.
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2.2.3. FastViT

Designed to achieve very low latency while retaining strong representational capacity, FastViT
[28] is a hybrid vision transformer model that combines re-parameterized convolutional blocks with
lightweight token-mixing mechanisms. The architecture is based on the principle of structural re-
parameterization, in which multi-branch training-time structures are merged into single
convolutional layers at inference, eliminating the need for explicit skip connections It comprises four
hierarchical stages with progressively decreasing spatial resolution and increasing feature
dimensionality. Within each stage, feature mixing is achieved through depthwise convolutions that
enable efficient re-parameterization of residual pathways. In the final stage, conventional self-
attention is replaced by large-kernel convolutions, reducing computational complexity while
retaining a wider, non-local receptive field.

The model also replaces all dense k x k convolutions with their factorized versions, akin to
depthwise separable convolutions. While this leads to better efficiency, it also lowers the parameter
count, which may reduce performance. To compensate, the architecture overparametrizes those
replaced layers, found in the convolutional stem, patch embedding and projection layers, at train-
time.

2.2.4. RepViT

Proposed in [29] as a modernization of MobileNets by incorporating aspects of the Vision
Transformer’s architectural design, RepViT also focuses on convolutional mixing and structural
reparametrization. By moving the depthwise convolution up, in a separate branch to the 1x 1
expansion convolution. This effectively separates, as in the case of ViT, token (spatial) and channel
mixing. The formed skip connection is omitted at inference through reparametrization. The
expansion ratio is fixed to 2 throughout the whole network, rather than the variable 2, 3 and 6 of
MobileNetV3, and further optimizations are made for mobile devices, such as simplifying the early
stem convolutions, deepening the downsampling block, simplifying the final classifier, redistributing
the stage ratio for deeper late stages, removing the 5 x 5 convolutions and repositioning squeeze-
and-excitation modules to appear only once every two blocks. These modifications collectively
reduce parameter count and computational cost while maintaining expressive power and a large
effective receptive field.

2.2.5. MambaVision

Combining Conv-Transformer hybrids with Mamba state space models, the MambaVision
architecture achieved SOTA performance on the ImageNet-1K dataset by introducing the
MambaMixer block in another four-stage network, which leverages structured state-space layers to
model long-range spatial dependencies efficiently, integrates local convolutional processing for fine-
grained feature extraction, and incorporates self-attention in deeper stages to capture global context.
The original Mamba mixer is specialized for vision tasks, replacing causal convolution with regular
convolution and adding a parallel branch with no state-space modeling to capture spatial
information.

All encoder backbones were initialized with ImageNet-pretrained weights and integrated
without architectural modifications to the proposed decoder, ensuring that observed differences
reflect encoder characteristics rather than changes in the segmentation architecture.

2.3. Proposed Architecture

The proposed architecture, with a ConvNeXt V2 encoder, is presented in Figure 4. The
ConvBlocks consist of two consecutive 3 X 3 convolutional layers, each followed by a ReLU
activation. The decoder comprises three upsampling blocks (UpBlock). Each block performs bilinear
upsampling, applies Spatial Attention to the corresponding skip connection, concatenates the
features, and refines them with a convolutional block. For supervision, both the auxiliary heads and
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the final heads produce logits at the spatial resolution of their respective decoder outputs. These logits
are then bilinearly interpolated to match the input image dimensions before loss computation. This
ensures that all predicted masks — whether intermediate or final — are directly comparable to the
ground-truth annotations at full resolution, enabling coherent multi-scale learning.

A , !
480x352x3 T 480x352x1 I 480x352x1

Vegetation
Head Crop Head
[120x88x32
~ - - - - - - - - = N
ConvBlock / Deep Supervision \
| (during training) |
T120x88x4o | |
ConvNeXT Spatial
stage 1 e UpBlock 1 —|->I Aux Head 3 s |
120x88x96 A | I
60x44x80 |
- |
ConvNeXT Spatial |
Stage 2 Atetion UpBlock 2 ﬁ-) Aux Head 2 Y |
60x44x192 A I |
30x22x160 | |
ConvNeXT o Spatial
Stage 3 AtGntion UpBlock 3 —L)\ Aux Head 1 v |
30x22x384 A N S - /
ConvNeXT
Stage 4 ¢
15x11x768 15x11x320 | Vegetation
ConvBlock > Global
Context Block| 15x11x320

Figure 4. The proposed U-Net segmentation architecture with a ConvNeXt backbone.

The model employs two separate output heads, one for vegetation and one for crops, each
implemented as a simple 1 X 1 convolution, allowing the network to learn specialized features for
each class. This separation facilitates hierarchical reasoning, as weeds can be derived from the
difference between the vegetation and crop masks, and helps enforce logical consistency in the
segmentation while improving overall accuracy.

2.3.1. Spatial Attention

In the U-Net decoder, encoder features are passed through skip connections to recover spatial
details lost during downsampling. However, not all spatial locations in these features are equally
informative for segmentation: background regions and weak textures can propagate noise into the
decoding stages.

To mitigate this, we apply a simple, self-gated spatial attention mechanism on the skip features
before concatenation. The module learns a per-pixel importance map directly from the skip tensor
itself, without conditioning decoder activations or introducing cross-scale gating.

Given a skip feature map xg;, € R"*W*C, we compute a single-channel spatial weight map W €

R#*Wx1 ysinga 1 x 1 convolution followed by the sigmoid activation o:

W=0o (Convm (xskip)) (@)
The skip features xg;, are then modulated element-wise by this weight map, resulting in x’g;,:
X’skip = Xskip ow, (2)

where © denotes element-wise multiplication.
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This operation encourages the decoder to focus on spatially important regions—such as
vegetation structures —while down-weighting less relevant areas.

2.3.2. Vegetation Global Context Block

To enhance feature representations in regions likely to contain vegetation, we integrate a
Vegetation Global Context Block. This module computes a channel-wise attention vector that
modulates features based on the estimated vegetation probability, providing a context-aware
recalibration akin to Squeeze-and-Excitation networks [30].

Considering H and W the spatial dimensions of the image and C the number of channels, given
a feature map F € RT*W*C obtained through the convolution of the final encoder features and a
vegetation probability map V € R**W with values in the interval [0,1], calculated using a Sigmoid
activated 1 x 1 convolution of the last encoder stage, the block first computes a soft Masked Global
Pooling:

T Fii Vi
WC=M,VC € {1,2,..,C}, G)

i (Z]‘Qﬁ Vij+ 6)
where € is a small constant to avoid division by zero, and w € R!*¢ is the resulting channel
descriptor summarizing feature activations weighted by vegetation likelihood.
The excitation part follows [30]. A channel bottleneck reduces the dimensionality of this
descriptor, applies a nonlinearity, and projects it back to the original number of channels to produce
a gating vector for each channel g € R**¢;

g= O'(W2 ReLU(Wlw)), (4)

where Wj € ]R%XC and W, € ]RCX% are learned 1 X1 convolutional weights implementing the
dimensionality reduction, and subsequent expansion, by the reduction ratio r, chosen as to divide C,
and o is the sigmoid function. In our case, we have used a reduction ratio of 4.

Finally, the original feature map is weighted channel-wise by the gating vector, obtaining F':

F=FOg @)

This operation emphasizes channels that are most relevant to vegetation regions while
suppressing less relevant information, effectively conditioning the global feature representation on
the predicted vegetation mask.

The Vegetation Global Context Block is lightweight, fully differentiable, and is inserted into the
bottleneck layer of the encoder-decoder architecture to provide vegetation-aware global context. It is
further illustrated in Figure 5.

ConvNeXT Conv 1x1  |15x11x1
Stage 4 (Sigmoid) | g

15x11x768

l “/ Vegetation Global Context Block k\} T

UpBlock 3

A

N

Masked Global 1x1x320 1x1x80 | conv 1x1  [1X1x320
Pooling Conviid (and Sigmoid) M
ME——— NS

— o Bl

4

15x11x320
F'

15x11x320

ConvBlock

Figure 5. The Vegetation Global Context Block, placed at the bottleneck of the network.

2.3.3. Deep Supervision

Deep Supervision involves placing auxiliary classification heads at intermediate layers of the
decoder. This combats the vanishing gradient problem and forces the intermediate layers to learn
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semantically meaningful features early in the network. These auxiliary heads are discarded at
inference time.

We attach auxiliary heads to the output of each upsampling stage. These output two channels:
one for vegetation and the other for crops. This deep supervision serves two purposes. Firstly, it
stabilizes optimization by providing direct gradient signals to intermediate decoder layers,
mitigating vanishing gradients and accelerating convergence. Secondly, it encourages semantically
meaningful representations at multiple spatial scales: coarse decoder stages are guided to capture
global vegetation structure, while finer stages progressively refine crop localization. Since vegetation
and crop form a hierarchical label structure, supervising both classes at each scale promotes
consistent feature disentanglement throughout the decoder rather than deferring all semantic
separation to the final layers.

2.4. Logical Constraints and Weed Class Inference

Another interesting aspect of our method is the enforcement of logical, hierarchical consistency.
Since ideally a pixel cannot represent a crop if it is not part of the vegetation class, we scale the crop
predictions by the vegetation probabilities during training. The predicted crop probability P, is
scaled by the vegetation prediction B,

eg, TESUltiNg in P

P Pcrop : Pg//eg (6)

crop™

where y = 0.75. This softly suppresses crop predictions in non-vegetation-predicted areas, while
leaving room for correction when the vegetation prediction is uncertain.

Subsequently, the Weed probability map P, is derived logically rather than predicted
independently:

Pve - PCro 4 Pve 2 PCro
Pueea = { ’ (};, ot};gerwisep @)
Since the weed probability map is obtained through subtraction, its values tend to be lower in
magnitude compared to directly predicted logits. For this reason, we apply a slightly lower decision
threshold during binarization to recover the final weed mask. Operating in probability space allows
uncertainty from both vegetation and crop predictions to be preserved, particularly around
boundaries and ambiguous regions. In preliminary experiments, this soft formulation consistently
outperformed a hard logical XOR between vegetation and crop masks, which enforces strict binary
separation and proved more sensitive to misclassifications and boundary noise.

2.5. Loss Function

The total objective function, Ly, is a weighted sum of the primary head losses and the auxiliary
deep supervision losses. In the following equations, we will consider P and G flattened maps of
dimension N = HW (where H is the initial height, and W the width), with i indexing pixels.

We utilize the Dice Loss (Lp;.,) to handle class imbalance by maximizing the overlap between
the predicted probability map P and the ground truth G:

2- %L, PGy

Lpie@, G)=1 — ===t 7L
Dice iv=1 Pi + Z{i‘q Gi

®)
By weighting the contribution of each pixel relative to the sum of predicted and ground truth pixels,
Dice Loss emphasizes overlap rather than absolute pixel counts, which makes it particularly effective
when foreground regions are small compared to the background.  To penalize boundary
inaccuracies, we incorporate a Boundary Dice Loss, Ly,,,;. We compute edge maps for both the
prediction and ground truth using convolution with a discrete Laplacian kernel K (approximate
second-order derivative). The loss is computed as the Dice loss between these edge maps:

Lbound(P, G) = 1 — Dice(ReLU(P * K), ReLU(G * K)), )
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K=

1 11
1 -8 1]
1 11

The application of the Rectified Linear Unit (ReLU) function is essential because the Laplacian kernel
naturally produces a zero-crossing at edges, resulting in both positive and negative values. Since the
Dice coefficient is a set-similarity metric undefined for negative inputs, the ReLU operation
eliminates the negative component—typically corresponding to the internal side of the boundary —
and isolates the positive external contour. This ensures numerical stability and converts the raw
derivative into a clean, non-negative edge mask, allowing the network to strictly enforce geometric
alignment between the predicted and ground truth boundaries.

For the Crop head, we also utilize Binary Cross Entropy (BCE) to strictly penalize pixel-level
misclassifications, ensuring that all pixels within the object region, not just its boundaries, are
predicted confidently. Unlike Dice, which considers the image as a set, BCE evaluates the confidence
of each pixel independently and acts as a stabilizing term, ensuring that the model learns the general
distribution of pixels early in training before fine-tuning the boundaries.

N
1
Loce(P, ©) = =3 > [Gi-log(P) + (1= Gy) - log(1 = Py), (10)
1

To further enforce the logical consistency of the crop class and improve the recall of its prediction
within vegetated areas, we have found it beneficial to also include an Lcygprecan term, which
represents the Dice loss computed exclusively over pixels labeled as vegetation, and encourages the
network to recover all crop pixels within the broader vegetation mask:

LCropRecall(?crop' Gcropﬁ Gveg) = LDice(f)crop ’ Gveg' Gcrop ’ Gveg) (1 1)

The final loss functions for the Vegetation and Crop heads combine Dice, Binary Cross Entropy
(BCE), and Boundary Dice terms. The total loss is calculated as:

Lveg = LDice (Pveg' Gveg) + AbVLBound(Pveg' Gveg) (12)

Lcrop = BCE(ﬁcrop! Gcrop) + LDice (I’Scrop' Gcrop) + /\bCLBound (I’Scrop' Gcrop) +

- (13)
05- LCropRecall(Pcrop! Gcropr Gveg)
Lweed =0.7- LDice (Pweed! Gweed) + /\bWLBound (?weed' Gweed) (14)
3
Ltotal = AVLveg + /\CLcrop + /\WLweed + Z /\aux Lglfl)x (15)

k=1

where 1 terms are hyperparameters weighting the contribution of each component, and L,
represents the Dice loss from the k-th deep supervision head.

3. Results

We have built our U-Net architecture with different ImageNet-pretrained encoders using the
Pytorch and timm libraries. As the patches were non-overlapping and the campaigns included
different weather, soil conditions, and stages of growth, we chose to split the whole dataset for
training, validation, and testing. After excluding the second campaign, the images were randomly
divided into 80% training data (1267 patches), 10% validation data (158 patches), and 10% testing
data (159 patches). Each image was standardized by the ImageNet dataset’'s mean and standard
deviation.

For every experiment, we used the AdamW optimizer, and a Cosine Annealing learning rate
scheduler was also employed. Each model was trained for a total of 50 epochs, and only the
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checkpoint where the model obtained the best validation score was saved. Most hyperparameters
were chosen after a grid search. We have grouped them in Table 1.

The experiments have been done on a personal computer with an i5-9300H CPU, a GTX 1660TI
GPU, and 8 GB of RAM.

Table 1. Hyperparameters used for the training of the models, selected through a grid search.

Hyperparameter Value

Apy 0.3
Apc 0.05
Apw 0.3
Aqux 0.05
Ay 1.3
Ac 1.6
Aw 1

Learning Rate le-4

Weight Decay le-4

During model validation, we evaluated multiple binarization thresholds applied to the final
probability maps produced by the model. The results have shown that better scores were consistently
obtained with lower steps, something to be expected as the weeds class probabilities are obtained as
a subtraction. This behavior can also be attributed to the characteristics of the segmentation task: crop
and weed boundaries are often ambiguous, partially occluded, or affected by illumination variability,
leading to moderately confident predictions in boundary and fine-structure regions. A higher
binarization threshold tends to suppress these low- to mid-confidence activations, fragmenting
predicted regions and increasing false negatives, particularly for thin or early-stage weeds. In
contrast, a lower threshold preserves weaker but spatially coherent activations, resulting in more
complete object representations and improved recall. We chose to apply a 0.3 threshold for our final
models, and we report the scores with this parameter in Table 2. For [23] we note the average scores
reported in the paper across all the campaigns except for the second one, which we did not use. The
inference time is also the one reported in the respective paper, so it has been measured on a different
system than the other cases.

Table 2. Results obtained with the different backbones we experimented with in our architecture, along with 2

other works on the same dataset.

Architecture / Resolution IoU IoU Dice Dice Inference speed
backbone crops weeds crops weeds (images / s)

23] 480x352 07460  0.7800 - - 1428
[24] 320%320 0.8894 08582 09374 09215 10.79
. 480x352 0.8990  0.8843 09424 09372 22.90
ConvNeXt V2 Tiny o 056 0.8971 0.8366  0.9446  0.9086 35.46
MambaVision-T 480x352 0.8930  0.8498 09392 09165 24.06
. 480x352 0.8919 08459 09389 09141 4452
FastViT_S12 256x256 0.8914 08197 09412  0.8982 64.81
FastViT_SA24 480x352 08932 08536 09392  0.9190 25.72
RepViT-M2 480x352 0.8942 08507 09401 09171 47.77

4. Discussion

The quantitative results in Table 2 reveal consistent trends across backbone families and input
resolutions. As expected, higher input resolutions generally lead to improved weed segmentation
performance, reflected by both IoU and Dice scores, confirming that weeds, even though they are not
directly predicted, due to their thin, fragmented, and irregular morphology, benefit more strongly
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from increased spatial detail than crops. This effect is visible for ConvNeXt V2 Tiny and FastViT
variants, where downsampling to 256x256 results in a noticeable degradation of weed IoU and Dice.
Interestingly, crop segmentation performance is greater for the lower resolution inputs. We believe
this occurs because downsampling smooths the image, which aids the segmentation of the relatively
uniform and regular shapes of the tobacco plants. Across all evaluated backbones, crop segmentation
achieves higher IoU and Dice scores than weed segmentation. This gap is expected, given the greater
visual variability and boundary ambiguity of weed regions. Importantly, the relatively strong weed
performance observed even with lightweight backbones suggests that deriving weeds implicitly as
vegetation excluding crops helps stabilize predictions, reducing spurious weed activations in non-
vegetated areas and improving boundary coherence.

From an efficiency standpoint, FastViT and RepViT architectures achieve substantially higher
throughput, exceeding 40 images per second at higher resolutions and over 60 images per second at
lower resolutions, making them well-suited for real-time deployment. ConvNeXt V2 Tiny, while
slower, consistently delivers the strongest weed segmentation accuracy, indicating a trade-off
between representational capacity and computational cost. MambaVision-T occupies an intermediate
position, offering balanced performance across both accuracy and speed.

Overall, the results demonstrate that the proposed single-stage architecture, jointly predicting
crop and vegetation masks and deriving weed regions as residual vegetation, generalizes well across
diverse encoder designs. This flexibility allows the architecture to be paired with either accuracy-
oriented or speed-oriented backbones, without sacrificing logical consistency. Compared with the
other two approaches on the same dataset, this method achieves at least more than double the
inference speed while maintaining comparable—or in some cases superior—Dice and IoU scores, as
demonstrated by the ConvNeXt V2 Tiny backbone at full patch resolution (see Table 2).

Figure 6 presents a few examples of predicted segmentation masks, using both the most accurate
backbone (ConvNeXt V2 Tiny at full patch resolution) and the fastest (FastViT S12 at 256x256
resolution). Both show great promise.
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Figure 6. Examples of segmentation masks generated by the proposed architecture with two different backbones
at different input resolutions: (a) Original image; (b) Ground-truth mask; (c) Predicted mask with the Conv-
NeXT V2 encoder (480x352 input resolution); (d) Predicted mask with the FastViT S12 encoder (256x256 input

resolution).

Looking at the ground-truth masks, we may notice that some of them have shapes with rough,
sharp angles that are not consistent with the actual plants in the image. This inconsistency may,
unfortunately, affect the learning of our models: while it is true and visibly clear that the ConvNeXt
V2 model has the higher scores, since it resembles the ground-truth better, there are instances where
the theoretically less precise FastViT model may actually be closer to reality, as is the case in the first
sample (row 1 in Figure 6). The last two examples (rows 3 and 4 in Figure 6), in contrast, highlight
the limitations of the lower-resolution FastViT model in capturing very small weed structures.

5. Conclusions

This paper has presented a U-Net architecture for the segmentation of tobacco crops and weeds.
The architecture incorporated custom modules, such as the Vegetation Global Context Block, and a
dual-headed output that separately predicts vegetation and crop masks. Logical constraints are
enforced both during training and inference, with weed regions derived hierarchically as the
difference between vegetation and crop predictions. Several modern backbones have been tested, and
experimental results demonstrate that the proposed approach achieves improved segmentation
accuracy while also reducing inference time compared to previous methods evaluated on the same
dataset. Although prior work has explored similar differential formulations, these are typically
implemented using multi-stage pipelines, which introduce additional complexity and latency. In
contrast, our approach integrates the full hierarchical reasoning within a single end-to-end model,
enabling efficient inference without sacrificing performance.

Future work will focus on improving spatial feature selection through more expressive attention
mechanisms, as well as extending the hierarchical segmentation framework to multi-crop or multi-
weed species scenarios. Robustness across domains and acquisition conditions is another important
direction for further experimentation. The goal is the integration of the model in a real-time automatic
pesticide dispersion system.

Author Contributions: Conceptualization, D.P. and A.B.-M.; methodology, D.P.; software, A.B.-M.; validation,
D.P.,, LI; formal analysis, L.I.; investigation, D.P.; resources, L.I.; writing—original draft preparation, A.B.-M.;
writing —review and editing, L.I.; visualization, A.B.-M.; supervision, D.P.; project administration, D.P.; funding

acquisition, L.I. All authors have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the article.

Further inquiries can be directed to the corresponding author.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1616.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 February 2026

15 of 16

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

van Dijk, M.; Morley, T.; Rau, M.L.; Saghai, Y. A meta-analysis of projected global food demand and
population at risk of hunger for the period 2010-2050. Nature Food 2021, 2, 494-501.
https://doi.org/10.1038/s43016-021-00322-9.

Sands, R.; Meade, B.; Seale, J.L.].; Robinson, S.; Seeger, R. Scenarios of Global Food Consumption:
Implications for Agriculture; 2023, Report No. ERR-323.

Fuglie, K.; Morgan, S.; Jelliffe, ]. World Agricultural Production, Resource Use, and Productivity, 1961-2020;
2024. (Report No. EIB-268). U.S. Department of Agriculture, Economic Research
Service. https://doi.org/10.32747/2024.8327789.ers.

Rezaei, E.E.; Webber, H.; Asseng, S.; Boote, K.; Durand, J.L.; Ewert, F.; Martre, P.; MacCarthy, D.S. Climate
change impacts on crop yields. Naturre Reviews Earth & Environment 2023, 4, 831-846.
https://doi.org/10.1038/s43017-023-00491-0.

Bac¢maga, M.; Wyszkowska, J.; Kucharski, . Environmental implication of herbicide use. Molecules 2024, 29,
5965. https://doi.org/10.3390/molecules29245965

Jiao, Y.; Zhang, S.; Jin, Y.; Cui, L.; Chang, C.; Ding, S.; Sun, Z.; Xue, X. Research progress on intelligent
variable-rate  spray technology for precision agriculture. Agronomy 2025, 15, 1431.
https://doi.org/10.3390/agronomy15061431.

Upadhyay, A.; Zhang, Y.; Koparan, C.; Rai, N.; Howatt, K.; Bajwa, S.; Sun, X. Advances in ground robotic
technologies for site-specific weed management in precision agriculture: A review. Computers and
Electronics in Agriculture 2024, 225, 109363. https://doi.org/10.1016/j.compag.2024.109363.

McMurtrey, J.E. tobacco. Available online: https://www britannica.com/plant/common-tobacco (accessed
on 10 January 2026).

Khan, H.; Usly, O.S.; Gedik, O. The Impact of weeds on tobacco and their management, with special
emphasis on broomrape (Orobanche sp.). In Proceedings of the 3rd International Conference on
Engineering and Applied Natural Sciences, Erbil, Iraq, 25-27 October 2023.

Palmer, G.; Bailey, A.; Green, ].D. Dealing with Chemical Injury in Tobacco; University of Kentucky College
of Agriculture, Food and Environment, Cooperative Extension Service: 2006.

Zuo, Y.; Li, W. An Improved UNet lightweight network for semantic segmentation of weed images in corn
fields. Computers, Materials & Continua 2024, 79, 4413-4431. https://doi.org/10.32604/cmc.2024.049805.
Gomroki, M.; Benaragama, D.; Henry, C.J.; Badreldin, N.; Gulden, R. CWRepViT-Net: An encoder-decoder
deep learning framework with RepViT blocks for crop weed semantic segmentation in soybean fields
through  their  life  journey. Smart  Agricultural Technology 2025, 12, 101472.
https://doi.org/10.1016/j.atech.2025.101472.

Habib, M.; Sekhra, S.; Tannouche, A.; Ounejjar, Y. New segmentation approach for effective weed
management in agriculture. Smart Agricultural Technology 2024, 8, 100505.
https://doi.org/10.1016/j.atech.2024.100505.

Castellano, G.; De Marinis, P.; Vessio, G. Weed mapping in multispectral drone imagery using lightweight
vision transformers. Neurocomputing 2023, 562, 126914. https://doi.org/10.1016/j.neucom.2023.126914.
Jiang, H.; Chen, Q.; Wang, R.; Du, J.; Chen, T. SWFormer: A scale-wise hybrid CNN-Transformer network
for multi-classes weed segmentation. Journal of King Saud University - Computer and Information Sciences 2024,
36, 102144. https://doi.org/10.1016/j.jksuci.2024.102144.

Cuimin, S.; Jiang, Z.; Cai, Y.; Zou, C. Dual-branch CNN-transformer synergy with multi-scale striped
convolution for sugarcane-weed segmentation. Computers and Electronics in Agriculture 2025, 239, 111059.
https://doi.org/10.1016/j.compag.2025.111059.

Madeshwar, M.; Priyan Vishnu, M.; Manvizhi, N. Hybrid Vision Transformer and CNN-based system for
real-time weed detection in precision agriculture. In Proceedings of the 2025 International Conference on
Emerging Technologies in Engineering Applications (ICETEA), Puducherry/Pondicherry, India, 2025, 05-
06 June 2025; pp. 1-5. https://doi.org/10.1109/ICETEA64585.2025.11100115.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1616.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 February 2026

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

16 of 16

Mei, X,; Li, C; Jiao, Y.; Zhang, G.; Zhou, L.; Wu, X,; Cai, T. SSMR-Net and Across Feature Mapping
Attention are jointly applied to the UAV imagery semantic segmentation task of weeds in early-stage wheat
fields. Smart Agricultural Technology 2025, 12, 101077. https://doi.org/10.1016/j.atech.2025.101077.

Awedat, K. A dual-stage deep learning framework for weed detection. In Proceedings of the 2025 IEEE
International Conference on Electro Information Technology (eIT) |, Valparaiso, Indiana, USA, 29-31 May
2025. https://doi.org/10.1109/eIT64391.2025.11103687.

Zhao, F.; Huang, J.; Liu, Y.; Wang, J.; Chen, Y.; Shao, X.;; Ma, B.; Xi, D.; Zhang, M.; Tu, Z; et al. A deep
learning approach combining superresolution and segmentation to identify weed and tobacco in UAV
imagery. In Proceedings of the 2024 9th International Conference on Electronic Technology and
Information  Science  (ICETIS), Hangzhou, China, 17-19 May 2024; pp. 594-597.
https://doi.org/10.1109/ICETIS61828.2024.10593705.

Cheong, S.H.; Lee, S.J.; Im, S.J.; Seo, J.; Park, K.R. KDOSS-net: Knowledge distillation-based outpainting
and semantic segmentation network for crop and weed images. Plant Phenomics 2025, 7, 100098.
https://doi.org/10.1016/j.plaphe.2025.100098.

Celikkan, E.; Saberioon, M.; Herold, M.; Klein, N. Semantic segmentation of crops and weeds with
probabilistic modeling and uncertainty quantification. In Proceedings of the 2023 IEEE/CVF International
Conference on Computer Vision Workshops (ICCVW), Paris, France, 02-06 October 2023; pp. 582-592,
https://doi.org/10.1109/ICCVW60793.2023.00065.

Moazzam, 1.S.; Khan, U.S.; Qureshi, W.S.; Nawaz, T.; Kunwar, F. Towards automated weed detection
through two-stage semantic segmentation of tobacco and weed dpixels in aerial imagery. Smart Agricultural
Technology 2023, 4, 100142. https://doi.org/10.1016/j.atech.2022.100142.

Bunica-Mihai, A., Ichim, L., Popescu, D. Tobacco and weed segmentation from remote images using
artificial intelligence. In: Rojas, 1., Joya, G., Catala, A. (eds) Advances in Computational Intelligence.
IWANN 2025. Lecture Notes in Computer Science, vol 16009. https://doi.org/10.1007/978-3-032-02728-3_6.
Moazzam, 1.S. Tobacco Aerial Dataset. Available online:
https://data.mendeley.com/datasets/5dpc5gbgpz/2 (accessed on 17.12.2024).

Liu, Z.; Mao, H.; Wu, C.-Y.; Feichtenhofer, C.; Darrell, T.; Xie, S. A ConvNet for the 2020s. In Proceedings
of the 2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), New Orleans, LA,
USA, 18-24 June 2022; pp. 11966-11976, https://doi.org/10.1109/CVPR52688.2022.01167.

Woo, S.; Debnath, S.; Hu, R.; Chen, X,; Liu, Z.; Kweon, LS.; Saining, X. ConvNeXt V2: Co-designing and
Scaling ConvNets with masked autoencoders. In Proceedings of the 2023 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada, 17-24 June 2023; pp. 16133-
16142. https://doi.org/10.1109/CVPR52729.2023.01548.

Vasu, P.K.A.; Gabriel, J.; Zhu, J.; Tuzel, O.; Ranjan, A. FastViT: A Fast Hybrid Vision Transformer using
structural reparameterization, In Proceedings of the 2023 IEEE/CVF International Conference on Computer
Vision (Icev), Paris, France, 01-06 October 2023; PP- 5762-5772.
https://doi.org/10.1109/ICCV51070.2023.00532.

Wang, A.; Chen, H; Lin, Z,; Han, J.; Ding, G. RepViT: Revisiting mobile CNN from ViT perspective. In
Proceedings of the 2024 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
Seattle, WA, USA, 16-22 June 2024; pp. 15909-15920. https://doi.org/10.1109/CVPR52733.2024.01506.

Hu, J.; Shen, L.; Sun, G. Squeeze-and-excitation networks. In Proceedings of the 2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18-22 June 2018; pp. 7132-7141.
https://doi.org/10.1109/CVPR.2018.00745.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or

products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1616.v1
http://creativecommons.org/licenses/by/4.0/

