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 a b s t r a c t

This work presents a practical framework for early detection of camouflaged weeds in agricultural production 
environments using UAV-based near-infrared (NIR) imagery. The proposed approach integrates RGB-NIR image 
fusion with advanced camouflaged object detection (COD) models to support precision agriculture applications 
at farm scale. Fourteen state-of-the-art (SOTA) fusion techniques are evaluated, and the three best-performing 
methods are selected for multispectral integration, while nine SOTA COD models are trained and tested on RGB 
and RGB-NIR fused data. Experimental validation on two UAV-based case studies–a commercial banana planta-
tion (Weeds-Banana) and a maize field (WeedsGalore)–demonstrates that RGB-NIR fusion consistently improves 
weed segmentation accuracy compared with RGB-only inputs. Overall, the proposed framework provides a trans-
ferable and application-oriented solution for weed detection, enabling targeted interventions and contributing 
to reduced herbicide use and more sustainable crop management. The dataset is publicly available at GitHub: 
https://cod-espol.github.io/COD-Weeds/ .

1.  Introduction

The increasing global demand for agricultural production, driven by 
population growth, presents significant challenges for the implemen-
tation of intelligent systems in agriculture (e.g., [1,2]). Moreover, the 
adoption of automated inspections in agriculture and the food industry 
has become an increasingly attractive solution for the final assessment 
of product quality [3]. Modern precision agriculture, without a doubt, 
relies on computer vision techniques to address critical tasks such as de-
tecting plant diseases, predicting crop yields, recognizing species, iden-
tifying pests—-including weeds—-and managing irrigation [4].

One of the key tasks in computer vision is object detection, which is 
categorized into subfields: Generic Object Detection, Salient Object De-
tection, and Camouflaged Object Detection (COD) [5]. COD focuses on 
segmenting concealed objects, typically framed as a binary segmenta-
tion task [6]. In agriculture, pests often rely on camouflage as a survival 
mechanism [7], posing a real-world challenge due to variations in light-
ing, viewpoint, and environmental complexity. In general, pests blend 
into their environment, making them difficult to identify [8]. Similarly, 
weeds, which significantly hinder crop productivity, are often targeted 
by the widespread and unregulated application of chemical herbicides, 
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leading to environmental degradation and contamination of agricultural 
land [4]. In such cases, the need for real-time COD becomes highly ben-
eficial.

In recent years, several studies have explored the spectral signatures 
of camouflaged objects in greater depth by expanding spectral detec-
tion ranges and improving spectral resolution capabilities. According to 
[9], conventional approaches often rely on manually designed low-level 
features to identify essential image characteristics, while deep learning 
techniques autonomously learn hierarchical feature representations di-
rectly from data, consistently outperforming traditional methods across 
various computer vision applications. Furthermore, [10] classifies COD 
techniques into several categories, including Human Vision, Infrared, 
Multispectral, Hyperspectral, and LiDAR. It is also important to high-
light that exploring the other spectral bands, such as the thermal or 
near-infrared (NIR) ranges, offers significant advantages in low-visibility 
conditions. NIR imaging, in particular, can provide valuable insights 
into the material composition of objects [11]. Also, camouflage detec-
tion systems have become increasingly compatible with multispectral 
technology, intelligent adaptation, and integrated design. However, de-
spite advances in multispectral composite detection technology, single-
band camouflaged object detection remains inadequate to meet complex
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requirements [12]. Spectral imaging creates a multidimensional data 
cube that includes both spatial and spectral data, with each pixel repre-
sented as a spectral vector. This spectral vector, which contains radiance 
or reflectance values across multiple spectral bands, enhances the rep-
resentation of targets compared to traditional RGB images, which only 
capture two-dimensional spatial information [13].

The main motivation of this study is to explore COD methodologies 
within the visible and NIR spectrum, addressing a gap in the current 
computer vision literature, as this area remains underexplored. The pa-
per explores the fusion of RGB-NIR images for weed detection using 
camouflaged object detection techniques for precise segmentation.

The key contributions of this work include: 

• We introduce and release Weeds-Banana, a UAV-based RGB–NIR 
benchmark dataset for early camouflaged weed segmentation in a 
commercial banana plantation.

• We propose a practical multispectral pipeline that combines RGB–
NIR fusion with COD models to improve weed segmentation under 
camouflage conditions.

• We conduct a large-scale evaluation of 14 state-of-the-art RGB–NIR 
fusion methods and identify the top-performing fusion strategies per 
dataset.

• We benchmark 9 state-of-the-art COD architectures on RGB and 
fused RGB–NIR inputs across two UAV case studies (Weeds-Banana 
and WeedsGalore), showing consistent gains from incorporating NIR 
information.

The manuscript is organized as follows. Section 2 provides a review 
of related work on RGB-NIR fusion methods and COD techniques. Sec-
tion 3 details the proposed methodology for enhancing weed segmen-
tation in crops through the integration of RGB-NIR fusion and COD ap-
proaches. Section 4 describes two case studies where the methodology is 
applied to UAV imagery from banana and maize plantations, along with 
the presentation of experimental results, comparative analyses, and dis-
cussion of various COD methods. Finally, Section 5 discusses the results 
and Section 6 summarizes the main conclusions of the study.

2.  Background

This section reviews the most relevant existing techniques for de-
tecting camouflaged agricultural pests, with a particular focus on fusion 
detection methods and camouflaged object detection (COD) strategies. 
These approaches form the foundation for the proposed methodology 
and support its development.

2.1.  Fusion approaches

Fusion detection methods combine information from multiple im-
age modalities to generate a single, more informative representation, 
thereby enhancing application performance [14]. As described in [15], 
early fusion methods include the Cross-Bilateral Filter (CBF), which 
merges images by leveraging both intensity and geometric similarities. 
By using one image to guide the filtering of another, CBF preserves 
edges and reduces noise, making it especially effective for multi-focus 
and multisensor image fusion tasks. Building on the concept of edge-
preserving fusion, [16] introduced the hybrid multiscale decomposition 
with a guided filter (HMSD-GF), specifically designed for fusing infrared 
and visible images to improve night vision. By integrating guided filter-
ing within a multiscale decomposition framework, HMSD-GF effectively 
extracts complementary information from both spectral domains, ex-
celling at enhancing visibility in low-light conditions while maintaining 
the structural integrity of features from the visible spectrum.

In addition to these methods, Latent Low-Rank Representation 
(LatLRR) [17] provides a decomposition-based approach for IR-visible 
fusion. This technique separates each image into a low-rank component 
(capturing global structures) and a salient component (preserving local 

details). The low-rank layers are fused using weighted averaging to min-
imize redundancy, while salient layers are merged by summation to re-
tain fine-grained features. This dual-branch fusion architecture achieves 
a balance between structural consistency and detail enhancement.

Expanding on these paradigms, the Guided Filter-based Context en-
hancement and fusion model (GFCB) [16] advances night-vision image 
fusion by employing the guided filter for both adaptive visibility en-
hancement and multi-scale image decomposition. Initially, the GFCB 
model enhances the visible image through high dynamic range-inspired 
compression and contrast restoration, improving details in poorly illu-
minated regions while preserving edges. Subsequently, a hybrid multi-
scale decomposition based solely on the guided filter extracts texture 
and edge features from both IR and visible images. These components 
are then fused using a perceptual saliency-driven weighting mechanism 
that dynamically adjusts the contribution of IR information, ensuring 
that important thermal features enhance the visible scene without com-
promising background details. This approach effectively balances noise 
suppression and detail preservation, thanks to the edge-aware smooth-
ing properties of the guided filter, resulting in fused images with im-
proved contextual clarity and suitability for human perception. Addi-
tionally, a perceptual-based parameter selection strategy, inspired by 
human visual system models, automatically adjusts fusion parameters, 
increasing robustness and reducing the need for manual tuning. Exper-
imental results show that GFCB outperforms both traditional and other 
state-of-the-art methods in terms of visual quality and computational 
efficiency, making it a powerful tool for IR-visible image fusion in chal-
lenging low-light scenarios [16].

All these fusion schemes highlight the transformative potential of in-
tegrating multimodal data, particularly in IR-visible fusion, to address 
challenges such as low-light conditions. Each spectral band contributes 
unique and complementary information essential for effective problem-
solving in real-world applications. According to the literature, each re-
viewed method offers distinct advantages. Therefore, in this work, sev-
eral state-of-the-art fusion techniques are evaluated to identify the most 
effective ones.

2.2.  Camouflaged object detection approaches

While fusion techniques leverage complementary information from 
different modalities to improve detection, COD presents unique chal-
lenges that require specialized solutions. Unlike conventional object de-
tection, COD must address objects that intentionally blend into their 
surroundings through similarities in color, texture, and shape. This has 
led to the development of tailored methods that focus on detecting sub-
tle visual cues and fine boundaries. Recent surveys, such as the com-
prehensive review by Xiao et al. [18], classify COD methodologies into 
traditional and deep learning-based approaches, illustrating the field’s 
evolution. Yang et al. [19] introduced PlantCamo, the first dataset ded-
icated to camouflaged plant detection, containing 1250 images across 
58 plant categories and four camouflage types: background matching, 
disruptive coloration, masquerade, and decoration.

To address challenges such as irregular shapes and complex bound-
aries, PCNet introduces a Multi-scale Global Feature Enhancement mod-
ule for bottom-up feature fusion and a Multi-scale Feature Refinement 
module with top-down iterative feedback for precise boundary delin-
eation [19]. This Transformer-based architecture effectively captures 
both global context and fine details. Notably, PCNet accurately detects 
lithops–succulent plants that mimic stones–supporting biodiversity con-
servation and targeted weed control [19].

Another notable transformer-based approach is the High Resolu-
tion Iterative Feedback Network (HitNet) [20], which addresses COD 
by preserving and refining high-resolution details often lost during 
down-sampling. HitNet’s architecture includes three main modules: a 
Transformer-based Feature Extraction module utilizing a Pyramid Vi-
sion Transformer backbone [21] for efficient multi-scale feature extrac-
tion; a Multi-Resolution Iterative Refinement module that recursively 
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Fig. 1. Overall pipeline of the proposed methodology.

enhances low-resolution features using high-resolution information via 
a global feedback mechanism; and an Iteration Feature Feedback (IFF) 
module that ensures progressive improvements in segmentation accu-
racy across iterations. Additionally, HitNet [20] incorporates a graph fu-
sion module to integrate multi-scale features for precise boundary local-
ization. An innovative application extends HitNet’s capabilities by con-
verting salient objects into camouflaged objects through cross-domain 
learning, thereby enriching the diversity of training data.

In contrast to transformer-based models like PCNet and HitNet, CNN-
based methods such as Edge-Aware Mirror Network (EAMNet) and 
Boundary-Guided Network (BGNet) focus on explicit edge and bound-
ary refinement for COD. EAMNet employs a dual-branch architecture 
featuring (1) a segmentation-induced edge aggregation module and 
(2) an edge-induced integrity aggregation module, which mutually re-
fine each other through cross-branch guidance. The framework also in-
cludes a guided residual channel attention module that combines resid-
ual connections with gated convolution to enhance the extraction of 
structural details from low-level features. Similarly, BGNet [22] uses a 
Res2Net-50 backbone [23] to extract multi-level features from input im-
ages. It introduces three key modules: the Edge-Aware Module (EAM), 
Edge-Guidance Feature Module (EFM), and Context Aggregation Mod-
ule (CAM). The EAM integrates low-level local edge details with high-
level global location information to extract object-related edge seman-
tics under explicit boundary supervision. EFM injects these edge cues 
into multi-level backbone features using local channel attention, en-
hancing feature representation with object structure information. CAM 
progressively aggregates multi-level fused features through cross-scale 
interactions using expanded convolutions to strengthen contextual se-
mantics for accurate camouflaged object detection. The model employs 
multi-task supervision, combining mask and edge losses to improve 
boundary localization and object structure preservation. BGNet achieves 
strong performance on multiple benchmarks, delivering precise detec-
tion with fine and complete object boundaries, while maintaining bal-
anced model complexity and inference speed. Its design mitigates the 
effects of edge disruption and background ambiguity in COD.

Transformer-based and CNN-based models thus offer complemen-
tary strategies for addressing COD through advanced feature fusion 
and boundary refinement. These methods improve detection accuracy 
by preserving high-resolution details and refining object boundaries in 
complex environments, making them especially valuable for agricultural 
applications. Most of the approaches reviewed in this section are eval-
uated in the present work to identify those best suited for the specific 
challenge of camouflaged weed detection.

3.  Proposed methodology

The proposed methodology introduces a comprehensive and system-
atic framework for the early detection of camouflaged weeds in agri-
cultural environments, leveraging both visible (RGB) and near-infrared 
(NIR) imaging. The framework is composed of five main stages: (1) 
dataset acquisition, (2) preprocessing, (3) RGB-NIR image fusion, (4) 
training COD techniques, and (5) evaluation of multiple metrics. Fig. 1 

Table 1 
Comparison of available real-world agricultural datasets for weed seg-
mentation.

 Dataset  Year  Crop  Modality  # images  Resolution
 Carrot-Weed [24]  2015  Carrot  RGB  60  1296 × 966
 CoFly-WeedDB [25]  2022  Cotton  RGB  201  1280 × 720
 WeedsGalore [26]  2025  Maize  MSI  156  600 × 600
 Potato-Weed [27]  2025  Potato  RGB  150  640 × 640
 Weeds-Banana (Ours)  2025  Banana  MSI  272  1024 × 1024

shows the overall pipeline of the proposed methodology. Each stage is 
described in detail below.

3.1.  Dataset

A high-quality and representative dataset is a key component for de-
veloping and validating automated weed detection and segmentation 
methods. To support this objective, data are collected in real agricul-
tural field conditions to capture the variability typically encountered in 
operational scenarios, including changes in plant growth stages, weed 
density, soil appearance, and illumination.

Aerial surveys are conducted using an unmanned aerial vehicle 
(UAV) equipped with a multispectral sensor capable of acquiring both 
visible (RGB) and near-infrared (NIR) imagery. Flight plans are designed 
to ensure consistent ground sampling and sufficient image overlap for 
reliable mosaicking and georeferenced orthomosaic generation. Data ac-
quisition is scheduled to promote stable lighting conditions and reduce 
shadow artifacts, improving the quality and consistency of the captured 
imagery across the surveyed area.

Table 1 summarizes the main real-world agricultural datasets 
with weed-segmentation annotations and positions our Weeds-Banana 
dataset within the current landscape. Carrot-Weed [24], one of the ear-
liest works in this area (2015), focuses on carrot crops with 60 RGB 
images at a resolution of 1296×966. Later, CoFly-WeedDB [25] (2022) 
extends the domain to cotton crops, also in RGB modality, with 201 
images of 1280×720. More recently, WeedsGalore [26] (2024) intro-
duces multispectral (MSI) imagery for maize, comprising 156 samples 
at 600×600, while Potato-Weed [27] (2025) covers potato crops with 
150 RGB images at 640×640. In this context, our Weeds-Banana dataset 
(2025) stands out by targeting banana crops–previously unexplored in 
this line of work–using multispectral modality and providing the largest 
number of images (272) with higher resolution (1024×1024), thus of-
fering a richer and more detailed basis for developing and evaluating 
weed segmentation methods under real field conditions.

3.2.  Preprocessing

The raw aerial imagery is first processed using standard photogram-
metric and remote-sensing workflows to obtain analysis-ready prod-
ucts. This stage typically includes radiometric normalization, geomet-
ric correction and alignment, and the generation of orthomosaics for 
each spectral band. The resulting orthomosaics are co-registered to
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Table 2 
Comparison between different characteristics of the camouflage techniques 
used.

 Technique  Source  Source  Year  Image Size  Backbone  #Par.
 Type  (px)  (M)

 BASNet [44]  CVPR  Conference  2019  256×256  ResNet-34 [50]  87.06
 SINet-v2 [45]  TPAMI  Journal  2021  352×352  Res2Net-50 [23]  24.93
 BGNet [22]  IJCAI  Conference  2022  416×416  Res2Net-50 [23]  77.80
 C2F-Net [46]  TCSVT  Conference  2022  352×352  Res2Net-50 [23]  26.36
 OCENet [47]  WACV  Conference  2022  352×352  ResNet-50 [50]  58.17
 EAMNet [48]  ICME  Conference  2023  384×384  Res2Net-50 [23]  30.51
 DGNet [49]  MIR  Journal  2023  352×352  EfficientNet [51]  8.30
 HitNet [20]  AAAI  Conference  2023  352×352  PVTv2 [52]  25.73
 PCNet [19]  arXiv  -  2024  352×352  PVTv2 [52]  27.66

Table 3 
Evaluation metrics used with SOTA fusion techniques. ’+’ means that a high 
value is a good performance, while ’-’ means that a small value denotes a good 
performance.

 Category  Metric  Description  +/-

Information theory-based
𝐶𝐸  Cross entropy [53]  -
𝐸𝑁  Entropy [54]  +
𝑀𝐼  Mutual information [55]  +
𝑃𝑆𝑁𝑅  Peak signal-to-noise ration [56]  +

Structural similarity-based 𝑆𝑆𝐼𝑀  Structural similarity index measure [57]  +
𝑅𝑀𝑆𝐸  Root mean squared error [56]  -

Image feature-based

𝐴𝐺  Average gradient [58]  +
𝐸𝐼  Edge intensity [59]  +
𝑆𝐷  Standard deviation [60]  +
𝑆𝐹  Spatial frequency [61]  +
𝑄𝐴𝐵∕𝐹  Gradient-based fusion performance [61]  +

Human perception inspired 𝑄𝐶𝐵  Chen-Blum metric [62]  +
𝑄𝐶𝑉  Chen-Varshney metric [63]  -

ensure pixel-level correspondence between modalities, enabling consis-
tent multi-band analysis. Weed presence is then delineated on the ortho-
mosaic imagery through manual annotation using a dedicated labeling 
tool, producing segmentation masks aligned with the imagery.

To make the data suitable for deep learning training and evalua-
tion, the large orthomosaics and their corresponding masks are con-
verted into fixed-size samples. An automated preprocessing routine ex-
tracts image patches using a sliding-window strategy with configurable 
patch size and stride, producing a set of (multi-modal image, mask) sub-
images with optional overlap. Patches are stored in an organized struc-
ture by modality, yielding a standardized and manageable dataset for-
mat. This patch-based preprocessing facilitates efficient batch loading 
during training, improves coverage of spatial variability, and increases 
the number of usable training samples without altering the underlying 
field content.

3.3.  RGB-NIR fusion techniques

In agricultural scenes, RGB and NIR capture different physical 
drivers of vegetation appearance: visible bands are largely governed 
by pigment absorption, whereas NIR is dominated by scattering pro-
cesses and canopy structure effects. This complementarity motivates 
multispectral fusion as a preprocessing step to form a more informative 
representation before training segmentation/detection models [28–30].

To exploit the complementary information provided by RGB and NIR 
bands, a comprehensive evaluation of RGB-NIR image fusion techniques 
is performed. The fusion process is implemented using the VIFB frame-
work proposed by [31], which supports a wide range of SOTA fusion 
algorithms. Fourteen fusion methods are selected for evaluation, repre-
senting diverse algorithmic families:

• Edge-preserving and filtering-based methods: Cross-Bilateral Filter 
(CBF) [32], Guided Filter-based Context Enhancement (GFCE) [33], 

Hybrid Multiscale Decomposition with Guided Filter (HMSD-GF) 
[33], Hybrid_MSD [34], Anisotropic Diffusion Fusion (ADF) [35].

• Decomposition-based methods: Latent Low-Rank Representation 
(LatLRR) [17], Multi-scale Guided Filter Fusion (MGFF) [36], Multi-
resolution Singular Value Decomposition (MSVD) [37], Gradient 
Transfer Fusion (GTF) [38].

• Saliency and frequency-based methods: Two-scale Image Fusion 
(TIF) [39], Fourth Order Partial Differential Equation Fusion (FPDE) 
[40], Visual Saliency Map Weighted Least Squares (VSMWLS) [41].

• Deep learning-based methods: Convolutional Neural Network (CNN) 
fusion [42], Infrared Feature Extraction and Visual Information 
Preservation (IFEVIP) [43].

Each fusion method is applied to the registered RGB and NIR im-
age pairs to generate fused images that combine spatial detail from the 
visible spectrum with spectral information from the NIR band.

3.4.  COD techniques

The fused images, along with the original RGB images, are used 
to train and evaluate nine state-of-the-art deep learning models for 
COD. These models are chosen to represent a variety of architec-
tural paradigms, including convolutional neural networks (CNNs), 
transformer-based networks, and hybrid approaches. Table 2 shows the 
techniques to be used and the main characteristics. The evaluated mod-
els are:

• BASNet [44]: A boundary-aware salient object detection network us-
ing a ResNet-34 backbone.

• SINet-v2 [45]: A Res2Net-50-based model designed for concealed 
object detection.

• BGNet [22]: A boundary-guided network with a Res2Net-50 back-
bone, optimized for precise edge detection.

• C2F-Net [46]: A context-aware cross-level fusion network using 
Res2Net-50.

• OCENet [47]: A ResNet-50-based model that incorporates aleatoric 
uncertainty modeling.

• EAMNet [48]: An edge-aware mirror network with a Res2Net-50 
backbone.

• DGNet [49]: A deep gradient learning network using EfficientNet.
• HitNet [20]: A high-resolution iterative feedback network based on 
PVTv2.

• PCNet [19]: A camouflage plant detection network using PVTv2, 
specifically designed for agricultural applications.

Each model is trained and validated on both the original RGB dataset 
and the three best-performing fusion datasets (CBF, HMSD-GF, LatLRR). 
Training is performed using standard data augmentation techniques to 
improve generalization, and hyperparameters are optimized for each 
model to ensure fair comparison. The evaluation is conducted on a held-
out test set with manually annotated ground truth masks.

3.5.  Evaluation metrics

For RGB-NIR fusion quality evaluation of the fused images are quan-
titatively assessed using thirteen metrics, each capturing a different as-
pect of fusion performance. A point-based ranking system is used to 
identify the top-performing fusion methods, which are then selected for 
subsequent COD experiments. Table 3 shows each of the metrics and the 
category to which they belong.

On the other hand, for COD evaluation performance and to provide 
a rigorous assessment, five widely adopted metrics are used:

• S-measure (𝑆𝛼) [64]: Measures the structural similarity between the 
predicted segmentation and the ground truth, capturing both region-
aware and object-aware similarities.
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Fig. 2. (left) DJI Mavic 2 Pro-UAV. (right) MicaSense RedEdge-M multispectral camera.

Table 4 
Details of the training parameters used in evaluated SOTA COD techniques. Learning rate (LR); Batch size (BS).
 Technique  Optimizer  LR  BS  Epochs  Scheduler  Loss function
 BASNet [44]  Adam  1e-3  8  1000  ReduceLROnPlateau  BCE + SSIM + IOU (multi-stage fusion)
 SINet-v2 [45]  Adam  1e-4  16  150  Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)
 BGNet [22]  Adam  1e-4  12  100  Custom (Poly LR)  Structure loss (weighted BCE + weighted IOU) + Dice loss (edge)
 C2F-Net [46]  AdaXW  1e-4  32  50  Custom (Poly LR)  Structure loss (weighted BCE + weighted IOU)
 OCENet [47]  Adam  1e-5  4  50  StepLR  Uncertainty aware structure loss (weighted BCE + weighted IOU)
 EAMNet [48]  AdamW  5e-5  16  150  Custom (Adjust LR)  Hybrid loss (weighted BCE + weighted IOU) + Edge loss (edge)
 DGNet [49]  AdamW  5e-5  16  150  CosineAnnealingLR  Hybrid loss (weighted BCE + weighted IOU) + MSE loss (grad)
 HitNet [20]  AdamW  1e-4  8  150  Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)
 PCNet [19]  AdamW  1e-4  8  150  Custom (Adjust LR)  Structure loss (weighted BCE + weighted IOU)

• Weighted F-measure (𝐹𝑤
𝛽 ) [65]: An extension of the traditional F-

measure that incorporates spatial weights, emphasizing boundary 
accuracy and the spatial relevance of detected pixels.

• Mean Absolute Error (𝑀) [66]: Computes the average pixel-wise er-
ror between the normalized prediction and the ground truth mask.

• E-measure (𝐸𝜙) [67]: Simultaneously evaluates global and local ac-
curacy based on human visual perception.

• F-measure (𝐹𝛽) [68]: Provides a balanced measure of precision and 
recall.

To capture different aspects of model performance, adaptive, mean, 
and maximum variants of both F-measure and E-measure (𝐹 𝑎𝑑𝑝

𝛽 , 𝐹𝑚𝑒𝑎𝑛
𝛽 , 

𝐹max
𝛽 , 𝐸𝑎𝑑𝑝

𝜙 , 𝐸𝑚𝑒𝑎𝑛
𝜙 , 𝐸max

𝜙 ) are also computed. This comprehensive eval-
uation framework ensures that both the accuracy and the robustness of 
each model are thoroughly assessed across multiple datasets and fusion 
strategies.

3.6.  Training details

This section summarizes the training configuration used across all 
COD techniques. Table 4 reports the optimizer, learning rate, batch size, 
number of epochs, scheduler, and loss functions employed per model. 
All models are trained under the same consistent splits and metrics de-
scribed in Section 3.5 are used to enable a fair comparison.

4.  Case studies

This section presents the experimental results from the two case 
studies evaluated with the proposed methodology. The first case study 
presented uses our own dataset (Weeds-Banana) while the second case 
study uses a state-of-the-art dataset (WeedsGalore [26]). For the perfor-
mance evaluation of this work, the metrics described in Section 3.5 are 
used. All experiments are conducted on a workstation configured with 
an Intel Core i9 processor and an NVIDIA Titan XP GPU. The frame-
work proposed by [31] is used for the fusion techniques. This code has 
been implemented using MATLAB and is available at the following URL 

https://github.com/xingchenzhang/VIFB. For the nine COD techniques, 
all implementations are written in Python by the authors.

4.1.  Datasets

Weeds-Banana. For the first case study, a custom dataset created 
to validate the proposed methodology is used, named Weeds-Banana. 
Dataset acquisition is systematically conducted in the Milagro canton, 
located in Guayas, Ecuador, a region characterized by a tropical cli-
mate with average temperatures ranging between 25 ◦C and 27 ◦C and 
annual precipitation between 1,100 and 1,800mm. The study focused 
on an experimental plot of approximately 4.3 hectares within a banana 
plantation, providing a representative agricultural environment for re-
search on the detection of camouflaged weeds. Data collection utilized a 
DJI Mavic 2 Pro-UAV equipped with MicaSense RedEdge-M multispec-
tral camera, enabling simultaneous capture of visible and near-infrared 
spectral information (See Fig. 2). Flight operations are programmed with 
85% lateral and frontal overlap at an altitude of 120m above the canopy, 
ensuring comprehensive coverage and sufficient image overlap for ac-
curate mosaic generation. Image capture is conducted in April 2024 be-
tween 11:00 and 12:00 to minimize shadow effects and optimize lighting 
conditions for both RGB and NIR imaging.

WeedsGalore [26]. For the second case study, a state-of-the-art 
dataset, WeedsGalore, is used. This dataset is systematically acquired 
in an experimental maize field near Marquardt, Potsdam, Germany (ap-
prox. 1,840 m2), representative of conventional row-crop systems in 
Central Europe. Maize (Zea mays L.) is sown on 9 May 2023 under 
standard management practices, while naturally emerging weeds are 
allowed to develop, resulting in a dense and diverse weed community 
typical of regional maize production. Data collection is carried out using 
a DJI Phantom 4 Multispectral UAV, which provides RGB imagery to-
gether with five monochromatic multispectral bands (blue, green, red, 
red-edge, and near-infrared). Four flight campaigns are conducted on 25 
May, 30 May, 6 June, and 15 June 2023, covering phenological stages 
from early maize emergence with sparse vegetation to almost complete 
ground cover by crops and weeds. Flights are performed at 5 m above 
ground level in Hover&Capture mode with 70% side and 60% front over-
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Fig. 3. Example images used to build the RGB and NIR orthomosaics.

Fig. 4. RGB and NIR orthomosaics registered using QGIS.

lap, yielding a ground sampling distance of approximately 2.5 mm/pixel 
and enabling individual plant discrimination. From roughly 1,150 raw 
images per campaign, 48 geo-referenced locations are selected without 
spatial overlap, and for each location, a central 600×600-pixel window 
per band is extracted to form the annotated tiles used for semantic seg-
mentation.

4.2.  Preprocessing

Weeds-Banana. For our Weeds-Banana dataset, the acquired images 
underwent systematic processing using PIX4Dmapper1 software, involv-
ing radiometric calibration to ensure spectral accuracy, photographic 
alignment for geometric consistency, image geometry construction for 
spatial precision, and orthophotography generation to produce high-
quality RGB and multispectral mosaics suitable for subsequent fusion 
and analysis processes. Fig. 3 shows example images used to build the 

1 https://www.pix4d.com/

RGB and NIR orthomosaics. On the other hand, Fig. 4 shows the ortho-
mosaic generated using RGB (left) and NIR (right) images.

In our Weeds-Banana dataset, the images have been registered us-
ing the QGIS2 platform, a crucial step that will be useful in the sub-
sequent stages. The resulting registered RGB and NIR image sizes are 
5571×5855 pixels. After registering the RGB-NIR images, they are la-
beled using the RGB image as a reference to identify areas with weeds. 
To carry out the labeling task, the Roboflow3 tool is used. Fig. 5 (left) 
shows the labeling of the RGB orthomosaic image; the result of the anno-
tation process is a binary mask of 5571×5855 pixels (see Fig. 5 (right)). 
The registered RGB-NIR images and the binary mask resulting from the 
annotation process will be available in the GitHub repository. Finally, 
after completing the annotation stage of the RGB orthomosaic image, a 
Python script called "split_dataset.py" (available in GitHub repository) is 
applied to generate 272 patches. The distribution of the images used to 
train and test the different models is training=218, validation=27, and 

2 https://qgis.org/
3 https://app.roboflow.com/
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Fig. 5. (Left) View of the Roboflow annotation tool for the RGB orthomosaic image. (Right) Labeled orthomosaic binary mask using Roboflow.

testing=27. Fig. 6 (left) shows examples of the patches created from the 
registered RGB-NIR orthomosaic.

WeedsGalore [26]. For the WeedsGalore [26] dataset, several pre-
processing steps are applied to transform the raw UAV imagery into con-
sistent tiles suitable for semantic and instance segmentation. For each 
of the four flight campaigns, the images captured by the DJI Phantom 4 
Multispectral are processed at the level of individual frames rather than 
full-field orthomosaics. The five monochromatic multispectral bands 
(blue, green, red, red-edge, and near-infrared) are geometrically aligned 
and stacked, and, for every selected frame, a central 600×600-pixel 
window is cropped in all bands. From approximately 1,150 raw images 
per campaign, 48 geo-referenced locations are defined across the field, 
and the corresponding tiles are extracted such that there is no spatial 
overlap between annotated images, either within a date or across dates. 
This procedure results in 156 multispectral tiles at a ground sampling 
distance of about 2.5 mm/pixel, allowing individual crops and weeds 
to be clearly resolved. For each tile, paired semantic and instance anno-
tations are generated using consistent class indices for maize and four 
weed categories, and the final dataset is organized into spatially disjoint 
training, validation, and test splits (104 / 26 / 26 tiles) using the official 
split files provided with the dataset. Fig. 6 (right) shows patch examples 
used for the WeedGalore dataset.

4.3.  Fusion techniques results

To establish the best fusion techniques, a point system is de-
fined based on ranking position (i.e., 1𝑠𝑡 = 3𝑝𝑜𝑖𝑛𝑡𝑠, 2𝑛𝑑 = 2𝑝𝑜𝑖𝑛𝑡𝑠, 3𝑟𝑑 =
1𝑝𝑜𝑖𝑛𝑡). The analysis is based on multiple complementary metrics that 
evaluate different aspects of fusion quality. Among them, some seek 
lower values, such as 𝐶𝐸, 𝑅𝑀𝑆𝐸, and 𝑄𝐶𝑉 , while others, such as 𝐸𝑁 , 
𝑀𝐼 , 𝑃𝑆𝑁𝑅, 𝐴𝐺, 𝐹𝐼 , 𝑄𝐴𝐵∕𝐹 , 𝑆𝐷, 𝑆𝐹 , 𝑆𝑆𝐼𝑀 , and 𝑄𝐶𝐵 , are improved 
with higher values. This comparison is essential for selecting the most 
appropriate fusion method for the specific application, particularly in 
the context of the COD task. Also, Table 3 shows, for each metric, a 
description and the category to which it belongs.

Weeds-Banana. Table 5 presents a comprehensive evaluation of 
SOTA fusion techniques using our Weeds-Banana dataset. CBF [32] 
stands out as the most effective method with 15 total points. HMSD-
GF [33] follows it, and LatLRR [17], both with 12 points, are the top-3 
of the best techniques, while the remaining methods obtain progres-
sively lower scores, demonstrating a clear hierarchy in the performance 
of these techniques. CBF demonstrates superior performance across most 
metrics, justifying its dominant position in the overall ranking, although 
other methods, such as HMSD-GF, LatLRR, and GFCE, also exhibit signif-
icant strengths in specific metrics, offering viable alternatives depending 
on the priority requirements in each use case.

WeedsGalore [26]. On the other hand, Table 6 presents a com-
prehensive evaluation of SOTA fusion techniques using the WeedsGa-
lore [26] dataset. Contrary to the results presented in Table 5, the rank-

ing position of each technique is different, indicating that the perfor-
mance of each fusion technique depends on the characteristics of each 
dataset. LatLRR [17] had the best overall performance with a total of 
18 points. GFCE [33] followed at a considerable distance with a total of 
10 points, while FPDE [40] with 9 points completed the top three best 
fusion techniques.

4.4.  SOTA COD techniques results

Weeds-Banana. Using our Weeds-Banana dataset, we report Ta-
ble 7, Fig. 7 and Fig. 8 show the results obtained. Table 7 presents a 
comprehensive quantitative evaluation of nine SOTA COD techniques 
(i.e., BASNet [44], SINet-v2 [45], BGNet [22], C2F-Net [46], OCENet 
[47], EAMNet [48], DGNet [49], HitNet [20], PCNet [19]), evaluated 
across 1 RGB dataset and 3 datasets generated with fusion techniques 
(i.e., CBF, HMSD-GF, and LatLRR). The results show that PCNet [19] 
consistently stands out, obtaining the highest scores on 𝐹𝑤

𝛽 , 𝑀 , 𝐸𝑎𝑑𝑝
𝜙 , 

𝐸𝑚𝑒𝑎𝑛
𝜙 , 𝐸max

𝜙 , 𝐹 𝑎𝑑𝑝
𝛽 , and 𝐹𝑚𝑒𝑎𝑛

𝛽  metrics. Furthermore, BASNet [44] shows 
the best result for the 𝑆𝛼 metric, just as BGNet shows the best result for 
the 𝐹max

𝛽  metric.
On the other hand, for our Weeds-Banana dataset, Fig. 7 shows qual-

itative results using two sample images from the test set evaluated for 
the top-3 techniques. It can be observed that RGB-NIR-based techniques 
outperform RGB-only techniques in small regions. Furthermore, corrob-
orating the quantitative results, the PCNet [19] technique presents con-
sistent results with well-defined segmented areas of weeds relative to the 
GT. In a more specific analysis focusing on the PCNet [19] COD tech-
nique Fig. 8 shows a comparison of the mask prediction results using 
RGB and fusion techniques where it can be observed that using RGB-
NIR fusion techniques, masks with better contour definition and fewer 
false negatives are obtained, in this way the qualitative results presented 
in Table 7 can be confirmed.

WeedsGalore [26]. Using the WeedsGalore [26] dataset, we report 
Table 8, Fig. 9, and Fig. 10 summarize the quantitative and qualitative 
performance of the nine SOTA COD techniques across the RGB base-
line and the three best-ranked fusion configurations for this dataset 
(i.e., FPDE, GFCE, and LatLRR, as identified in Section 4.3). Overall, 
the results confirm that incorporating NIR information through RGB-
NIR fusion benefits camouflaged weed segmentation also in this sec-
ond case study, although the magnitude of the improvement is more 
method- and metric-dependent than in Weeds-Banana. In particular, the 
best-performing techniques on WeedsGalore are BASNet, PCNet, and 
OCENet, which are therefore selected for qualitative inspection in Fig. 9.

From the quantitative results using the WeedsGalore dataset in Ta-
ble 8, BASNet provides the most consistent trade-off across the eval-
uated metrics, achieving top-ranked scores when coupled with fusion 
inputs–especially under GFCE/FPDE, where improvements are observed 
in both region accuracy and boundary consistency. BASNet is highly 
competitive and yields very strong F-measure values on this dataset and 
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Fig. 6. Example images of the patches created from the registered orthomosaic using our Weeds-Banana and the WeedsGalore [26] datasets.

Table 5 
Metric evaluation results of SOTA fusion techniques using our Weeds-Banana dataset. Results are presented using the metric notation defined in Section 3.5, 
"↑ ∕ ↓" indicates that larger or smaller is better. The best three performing results are highlighted in red (first), blue (second), and green (third) respectively.
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Fig. 7. Qualitative prediction comparison for the top-3 COD techniques on our Weeds-Banana test set using two representative samples. Rows correspond to RGB-
only and the best-ranked fusion inputs for this dataset (CBF, HMSD-GF, LatLRR). Columns show the GT mask and predictions of BASNet, BGNet, and PCNet. White 
indicates correct overlap with GT, red false positives, and blue false negatives.

Table 6 
Metric evaluation results of SOTA fusion techniques using the WeedsGalore [26] dataset. Results are presented using the metric notation defined in Section 3.5, 
"↑ ∕ ↓" indicates that larger or smaller is better. The best three performing results are highlighted in red (first), blue (second green (third) respectively.
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Fig. 8. Qualitative results for PCNet [19] on our Weeds-Banana [26] test set under RGB-only and fusion-based inputs (CBF, HMSD-GF, LatLRR). The first column 
provides the RGB input for reference. The error maps use white/red/blue to indicate correct overlap, false positives, and false negatives, respectively. Compared 
with RGB-only, fusion inputs typically produce less fragmented masks and improved alignment with GT.

remains robust and produces stable predictions, particularly in scenes 
where weeds are sparse and appear as small, low-contrast structures. 
PCNet and OCENet show good results but are far from the performance 
of BASNet. The qualitative examples in Fig. 9 show that fusion-based in-
puts (FPDE, GFCE, LatLRR) reduce miss-segmentation (false negatives) 
in difficult low-contrast weed regions compared to RGB-only inputs, 
while also helping mitigate over-segmentation in visually ambiguous 
areas. Finally, Fig. 10 focuses on BASNet, illustrating that fusion config-
urations generally lead to cleaner masks with fewer fragmented detec-
tions and improved alignment with the ground truth, corroborating the 
quantitative trends observed in Table 8.

In conclusion and in a general way, following the proposed method-
ology, it is shown that the approach using the fusion of the RGB and 
NIR images shows better results than only RGB images. Upon reviewing 
each camouflage technique, it can be observed that the datasets gener-
ated using the RGB-NIR fusion techniques exhibit better performance in 

all metrics (the first place for each COD technique is marked with an 
underline). In the case of our Weeds-Banana dataset, the combination 
of PCNet-LatLRR COD-Fusion technique presents the best overall result. 
While for WeedsGalore, the most competitive trade-offs are obtained 
with BASNet-FPDE, where this combination provides the strongest over-
all performance.

5.  Discussion

The experimental results across the two case studies demonstrate 
that integrating NIR information with RGB imagery improves the seg-
mentation of camouflaged weeds in real agricultural settings, while also 
showing that the optimal fusion strategy depends on the dataset char-
acteristics.

In the banana plantation scenario, the fusion approaches CBF, 
HMSD-GF, and LatLRR consistently rank among the best, and the down-
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Fig. 9. Qualitative prediction comparison for the top-3 COD techniques on the WeedsGalore [26] test set using two representative samples. Rows correspond to 
RGB-only and the best-ranked fusion inputs for this dataset (FPDE, GFCE, LatLRR). Columns show the GT mask and predictions of BASNet, OCENet, and PCNet. 
White indicates correct overlap with GT, red false positives, and blue false negatives.

stream COD results show clear gains when models are trained with fused 
inputs rather than RGB alone. This behavior is particularly evident in 
small or thin weed regions, where RGB-only segmentation tends to miss 
low-contrast areas. Among the evaluated COD methods, PCNet stands 
out as the most reliable approach, producing masks with sharper con-
tours and fewer false negatives, which is consistent with its design for 
plant camouflage detection.

In the maize field scenario, the fusion ranking changes, and the 
best-performing fusion configurations become LatLRR, GFCE, and FPDE, 
confirming that fusion performance is sensitive to acquisition condi-
tions, scene structure, and target appearance. While fusion still pro-
vides benefits over RGB-only inputs, the improvement is more hetero-
geneous across methods and metrics than in Weeds-Banana. This can be 
attributed to the different imaging conditions (very high spatial resolu-
tion tiles, different UAV/sensor, multi-temporal variability) and to the 
fact that weeds often appear as small, scattered objects, making the task 

more sensitive to small false positives/negatives. In this dataset, BASNet 
provides the strongest overall trade-off and stable qualitative behavior, 
while PCNet and OCENet remain highly competitive depending on the 
metric emphasis (e.g., region overlap vs. boundary consistency).

Across both datasets, a consistent conclusion is that RGB-NIR fusion 
improves the representation available to COD models, enabling earlier 
and more accurate weed localization, which is crucial for precision agri-
culture workflows that aim to reduce herbicide usage through targeted 
interventions. At the same time, the cross-dataset behavior highlights 
two practical implications: (1) there is no universally optimal fusion 
method, and fusion should be selected (or learned) with awareness of 
the target domain; and (2) COD architectures exhibit dataset-dependent 
rankings, suggesting that model selection should consider the crop type, 
weed morphology, resolution, and density. Future work should therefore 
explore adaptive or learnable fusion strategies and broader validations 
across additional crops, sensors, and environmental conditions.
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Fig. 10. Qualitative results for BASNet [44] on the WeedsGalore [26] test set under RGB-only and fusion-based inputs (FPDE, GFCE, LatLRR). The first column 
provides the RGB input for reference. The error maps use white/red/blue to indicate correct overlap, false positives, and false negatives, respectively. Compared 
with RGB-only, fusion inputs typically produce less fragmented masks and improved alignment with GT.

Despite the overall gains from RGB-NIR fusion, some failure modes 
are observed. First, very thin weed structures or extremely small weeds 
may be under-segmented (false negatives), particularly when their spa-
tial footprint approaches the sensor resolution or when their NIR/RGB 
contrast is weak. Second, visually ambiguous transitions between soil 
residues and vegetation can produce localized over-segmentation (false 
positives), especially in high-texture backgrounds. Third, imperfect 
RGB-NIR registration and radiometric inconsistencies (e.g., brightness 
differences across the mosaic) can introduce edge artifacts that affect 
boundary precision. These observations suggest that further improve-
ments could be obtained by (i) stronger domain-specific augmentation, 
(ii) more robust cross-spectral registration, and

(iii) fusion strategies that explicitly model uncertainty or confidence 
at boundaries.

Finally, limitations of this study include (i) the dependency of fusion 
performance on the target domain (sensor characteristics, resolution, 
and scene structure), (ii) potential sensitivity to strong shadows, spec-
ular highlights, and radiometric drift across large mosaics, and (iii) the 
fact that COD model rankings can change with weed density, morphol-
ogy, and crop row structure. Although we partially address domain shift 
by evaluating on WeedsGalore (different crop, country, platform, and 
multi-temporal acquisition), further multi-site and multi-season valida-
tion is required to fully characterize robustness.
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Table 7 
Metric evaluation results for each COD technique on our Weeds-Banana dataset, reported for the RGB baseline and the three 
best-ranked RGB–NIR fusion inputs (CBF, HMSD-GF, and LatLRR). Results are presented using the metric notation defined 
in Section 3.5, “↑ ∕ ↓” indicates that larger or smaller is better. The top three performing results across the entire table are 
highlighted in red (first), blue (second), and green (third) respectively. Underlined values represent the top performance 
for each specific technique.
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Table 8 
Metric evaluation results for each COD technique on the WeedsGalore [26] dataset, reported for the RGB baseline and 
the three best-ranked RGB–NIR fusion inputs (FPDE, GFCE, and LatLRR). Results are presented using the metric notation 
defined in Section 3.5, "↑ ∕ ↓" indicates that larger or smaller is better. The top three performing results across the entire 
table are highlighted in red (first), blue (second), and green (third) respectively. Underlined values represent the top 
performance for each specific technique.
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6.  Conclusions

This paper presented a practical UAV-based framework for early de-
tection of camouflaged weeds in agricultural production environments 
by integrating RGB-NIR sensing, image fusion, and state-of-the-art cam-
ouflaged object detection (COD) models. Experiments on two real-world 
crop scenarios–a commercial banana plantation (Weeds-Banana) and a 
maize field (WeedsGalore)–show that RGB-NIR fusion consistently im-
proves weed segmentation compared with RGB-only inputs, supporting 
its applicability in precision agriculture.

Results further indicate that the optimal fusion-model combination 
is crop- and scene-dependent: PCNet-LatLRR performs best in banana 
plantations, while BASNet-FPDE provides the most stable performance 
in maize fields. Overall, the proposed approach constitutes a scalable 
and transferable smart sensing solution for on-farm weed monitoring, 
enabling early intervention and supporting site-specific and sustainable 
weed management strategies. Future work will address broader valida-
tion, additional spectral bands, and computational optimization toward 
real-time UAV-based operation and closed-loop precision weed control. 
Finally, coupling segmentation outputs with selective spraying or me-
chanical weeding systems would move toward a fully automated weed 
management pipeline.
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