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Abstract

While 3D Gaussian Splatting (3DGS) has rapidly advanced,
its application in agriculture remains underexplored. Agricul-
tural scenes present unique challenges for 3D reconstruction
methods, particularly due to uneven illumination, occlusions,
and a limited field of view. To address these limitations, we
introduce NIRPlant, a novel multimodal dataset encompassing
Near-Infrared (NIR) imagery, RGB imagery, textual metadata,
Depth, and LiDAR data collected under varied indoor and
outdoor lighting conditions. By integrating NIR data, our ap-
proach enhances robustness and provides crucial botanical
insights that extend beyond the visible spectrum. Additionally,
we leverage text-based metadata derived from vegetation in-
dices, such as NDVI, NDWI, and the chlorophyll index, which
significantly enriches the contextual understanding of com-
plex agricultural environments. To fully exploit these modali-
ties, we propose NIRSplat, an effective multimodal Gaussian
splatting architecture employing a cross-attention mechanism
combined with 3D point-based positional encoding, providing
robust geometric priors. Comprehensive experiments demon-
strate that NIRSplat outperforms existing landmark methods,
including 3DGS, CoR-GS, and InstantSplat, highlighting its
effectiveness in challenging agricultural scenarios.

Introduction

3D reconstruction has become increasingly crucial across
various fields, including robotics, autonomous driving, aug-
mented reality, and agricultural monitoring. Traditional meth-
ods for reconstructing three-dimensional structures from two-
dimensional images often struggle to capture fine details,
handle complex scenes, and maintain robustness under chal-
lenging environmental conditions. Recently, 3D Gaussian
Splatting (3DGS) (Kerbl et al. 2023) has emerged as a sig-
nificant advancement, enabling smoother, more detailed, and
computationally efficient reconstructions. Unlike traditional
approaches that rely heavily on discrete point representa-
tions (Sinha et al. 2017; Li et al. 2018; Lin, Kong, and Lucey
2018; Nguyen et al. 2019), 3DGS represents each 3D point
as a Gaussian distribution, effectively capturing uncertainties
and spatial continuity in complex environments.
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Figure 1: Qualitative comparisons in a 3-view setup. We high-
light our improved semantic understanding, particularly in
regions of interest within the image, where our method more
accurately captures meaningful structures and distinctions.

Despite its demonstrated success in general scenarios,
3DGS faces significant challenges when applied to agricul-
ture. As shown in Fig. 1, these environments pose unique
challenges, including unpredictable lighting variations (e.g.,
intense sunlight, low visibility, and sunset conditions), lim-
ited viewing angles, environmental instability due to weather
fluctuations, and frequent occlusions by foliage. These fac-
tors can substantially degrade the performance of typical 3D
reconstruction methods (Fan et al. 2024b; Zhang et al. 2024),
resulting in incomplete or inaccurate plant modeling.

To overcome these limitations, we introduce the NIR-
Plant dataset, specifically designed to address the unique
challenges of agricultural environments. NIRPlant incorpo-
rates comprehensive multimodal data, including RGB images,
Near-Infrared (NIR) imagery, and rich textual metadata. The
dataset (see Tab. 1) comprises diverse indoor and outdoor
lighting scenarios captured from multiple perspectives, in-
cluding artificial illumination, direct sunlight, and sunset con-



ditions. Integrating NIR imagery is particularly advantageous
because NIR can capture plant-specific reflectance character-
istics invisible to conventional RGB cameras, thus providing
essential botanical information about plant health, water con-
tent, and structural integrity. For instance, high values of
NDVI (Normalized Difference Vegetation Index) typically
indicate robust vegetation health, NDWI (Normalized Dif-
ference Water Index) reflects water content, and chlorophyll
index values directly correlate with photosynthetic efficiency
and plant vigor. Such indices enrich our dataset and signif-
icantly enhance the model’s ability to accurately interpret
complex botanical scenarios, as shown in Fig. 1.

Moreover, textual metadata derived from both RGB and
NIR images includes environmental conditions, precise light-
ing descriptions, and quantitative botanical indices, thus
providing rich context for reconstructing detailed 3D mod-
els. Fusing this metadata with visual modalities enables our
method to interpret plants more effectively and model them
under diverse and challenging photometric conditions.

To leverage the full potential of our multimodal dataset, we
propose NIRSplat, a novel Gaussian splatting framework op-
timized for multimodal data integration. NIRSplat employs
a novel cross-attention mechanism (Zhu et al. 2020; Vaswani
et al. 2017) that effectively combines NIR embeddings with
RGB features. Our approach achieves superior scene under-
standing by exploiting the complementary strengths of RGB
imagery and NIR-derived features. Moreover, inspired by the
success of Vision-Language Models (VLMs) (Radford et al.
2021; Li et al. 2022a, 2023a; Liu et al. 2023), we integrate
textual embeddings derived from metadata descriptions to
further enhance semantic understanding. This multimodal
interaction is further enhanced by employing a novel 3D
point-based positional encoding method, which leverages
spatial coherence from geometric priors to align and enrich
2D image features with 3D spatial information.

We conducted extensive evaluations to validate our pro-
posed method, comparing NIRSplat with state-of-the-art
approaches. Our results show that NIRSplat outperforms
existing methods in terms of reconstruction accuracy, robust-
ness to varying environmental conditions, and visual quality.
We provide detailed analyses that highlight the contributions
of each modality to the overall improvement in performance.

In summary, our key contributions include:

* The introduction of NIRPlant, a comprehensive multi-
modal agricultural dataset integrating RGB, NIR, and de-
tailed textual metadata, enabling robust 3D reconstruction
under varying lighting and environmental conditions.

¢ Development of NIRSplat, a multimodal Gaussian splat-
ting framework employing cross-attention mechanisms
and geometric priors, significantly improving scene recon-
struction robustness.

* Extensive comparative analyses demonstrate our ap-
proach’s effectiveness and advantages over leading meth-
ods, including 3DGS, CoR-GS, and InstantSplat, under
diverse agricultural conditions (e.g., intense sunlight, oc-
clusion, low visibility).
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Dataset Modality Lighting # Scenes # Views Metadata
Barron et al. (2022) R X 9 100-330 X
Knapitsch et al. (2017) R X 14 4-17 X
Toschi et al. (2023) R v 20 2000 X
Voynov et al. (2023) R,D,S X 107 100 X
NIRPlant (Ours) R,D,N,L, T v 34 360 v

Table 1: Comparison with existing landmark dataset. R, D, N,
S, L, and T denote RGB, Depth, NIR, Structured-Light Scan-
ner (SLS), LiDAR, and Text, respectively. Lighting indicates
whether there are various lighting conditions for supervision.

Related Works
Method for 3D Reconstruction

3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) uses a
set of 3D Gaussian parameters and differentiable splatting
to represent and render scenes more efficiently than tradi-
tional radiance fields (Martin-Brualla et al. 2021; Garbin
et al. 2021; Barron et al. 2021). Mip-Splat (Yu et al. 2024) is
another scene rendering algorithm that constrains the size of
3D Gaussian primitives and mitigates aliasing and dilation is-
sues present in 3DGS. CF-3DGS (Fu et al. 2024) reduces the
burden of pre-computation by leveraging the temporal conti-
nuity from video and the explicit point cloud representation.
CoR-GS (Zhang et al. 2024) identifies and suppresses inac-
curate reconstruction using Co-pruning, considers Gaussians,
and Pseudo-view co-regularization. Furthermore, another In-
stantSplat (Fan et al. 2024b) is compatible with both the
above methods and specializes in low-image-count represen-
tations through a neural network representation similar to that
of NSR, utilizing a Gaussian Bundle Adjustment (GauBA).
SplatFields (Mihajlovic et al. 2024) designs and regularizes
splat features as the outputs of a corresponding implicit neu-
ral field. Recently, CATSplat (Roh et al. 2024) introduced a
generalizable transformer-based framework, addressing the
inherent constraints in monocular settings.

Dataset for 3D Reconstruction

Various 3D Reconstruction datasets have focused on advance-
ments in lighting recognition and multimodal approaches.
Mip-NeRF360 (Barron et al. 2022) synthesizes realistic ob-
ject views in the real world, while MVimgNet enhances
3D capture through video-based 3D-aware signals (Yu et al.
2023). Adding on, ReLight and Tanks are designed to address
lighting variation with different materials (Toschi et al. 2023;
Voynov et al. 2023; Knapitsch et al. 2017). Previous adap-
tations of NeRF to real-world environments through LEGO
bricks (Li et al. 2023b) and famous city sites (Martin-Brualla
et al. 2021) improve lighting capture by training from photo
datasets. OmniObject3D addresses surface reconstruction
for dense and sparse-view surfaces (Wu et al. 2023). Ad-
ditionally, GauU-Scene (Xiong, Li, and Li 2024) supports
large-scale scene reconstruction using Gaussian Splatting for
real-time scanning. NeRFBK (Yan et al. 2023) utilizes both
real and synthetic data to capture objects of varying materials
and lighting conditions, thereby comparing NeRF in outdoor
views and for transparent objects. UniSDF (Wang et al. 2024)
is another dataset that utilizes NeRF to capture 3D scenes
with reflections, combining the traditional SDF with radiance
fields to render scenes with and without reflections.



( Sensor configuration:

v' Primary RGB & Depth: ZED 2i,

v NIR : Alvium 1800 U-501 NIR,

v Point cloud & calibration: Neuvition Titan S2-70C
v' High-Resolution RGB : Nikon D3400

Data Collection Procedure:

1. Installation: Set up the equipment at the scheduled
time with established environmental conditions.

2.360° Plant Rotation: Place the plant on the turntable
and rotate it through a full 360-degree cycle.

3. Multi-View Image Capture: Capture images from

the predetermined 36 viewpoints for full coverage.

4. Sensor Level Adjustment: Modify the sensor heightJ

and repeat steps 2 and 3.

(a)
Figure 2: (a) Data Acquisition Platform: Sensor (Top) in-
stallation, and (Bottom) configuration. (b) Data collection
procedure for both indoor and outdoor settings.

(b)

Our Multimodal NIRPlant Dataset

Collecting comprehensive multimodal datasets in diverse
environmental conditions is inherently challenging, even
within controlled laboratory settings. The manual process
involved in collecting, observing, and annotating multiple
data types, such as RGB and NIR imagery, and metadata,
is labor-intensive, time-consuming, and costly. Moreover,
achieving diversity in visual data and ensuring high-quality
annotations significantly complicates the process. Please refer
to the supplementary material for additional details.

Data Acquisition Platform

Our primary objective is to develop a comprehensive and
versatile 3D plant reconstruction dataset under diverse real-
world lighting conditions. However, dynamic environmental
factors such as wind, shadows, and fluctuating sunlight pose
significant challenges to data reliability. To mitigate these
effects, we designed a controlled lighting configuration (see
Fig. 2) that captures data during critical illumination peri-
ods, allowing us to observe lighting variance systematically.
Precisely, objects were positioned to capture precise light-
ing conditions at defined times of the day (i.e., noon and
sunset). Furthermore, we utilized a multimodal sensor setup
consisting of a ZED 2i and Nikon D3400 HD RGB cameras,
an Alvium 1800 U-501 NIR sensor, and a Neuvition Titan
S2-70C LiDAR sensor, ensuring accurate alignment and con-
sistent distance between the objects and sensors. To enhance
data quality under natural conditions, automatic adjustments
for focus, exposure, and gain were employed to maintain
consistency and adaptivity in capturing agricultural data, thus
enabling accurate calibration and precise extraction of camera
perspectives essential for reliable 3D reconstruction.

Data Construction and Processing

Collecting precise camera poses in agricultural environments
is inherently challenging due to the dynamic nature of plants,
whose structures change rapidly in response to environmental
factors. To overcome this issue, extensive data were collected
indoors and outdoors under strictly consistent conditions.
Specifically, each object was captured from 360 multi-modal
data samples per scene, and ground truth models were con-
structed using the landmark Structure-from-Motion (SfM)
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Figure 3: Hierarchical organization of the dataset taxonomy.

technique (Schénberger and Frahm 2016), ensuring high ac-
curacy and robustness, particularly for texture-rich environ-
ments. Additionally, precise reconstruction was prioritized by
meticulously removing background information from object
images. In total, our dataset contains comprehensive multi-
modal data (as described in Tab. 1), covering four distinct
lighting scenarios with 360 viewpoints per scene across up
to 10 different plant categories, ensuring broad diversity and
representativeness (see Fig. 3).

Dataset Specifications and Statistics

Data Organization. As illustrated in Fig. 3, our NIRPlant
dataset categorizes plant data under four primary lighting
conditions: artificial light, strong sunlight, low light, and nor-
mal daylight. It encompasses up to 10 diverse plant species,
further classified into three distinct size categories (small,
medium, and large). Each plant category and lighting condi-
tion was captured consistently from 360 viewpoints to ensure
robust perspective coverage. This systematic data acquisi-
tion process was uniformly applied across RGB, NIR, Depth,
and LiDAR. Note that botanic-aware prompts are generated
for each scene, as illustrated in the supplementary material.
Additionally, to effectively extract discriminative NIR sig-
nals, comparisons were conducted against artificial plants
(Art 1 and Art 2). Leveraging this comprehensive multi-
modal dataset structure, we aim to enhance the understanding
of plant-specific characteristics under various environments,
thus substantially improving the performance and robustness
of 3D reconstruction methods.

Dataset Split. Considering the practical agricultural envi-
ronment, we adopted a sparse-view approach inspired by
InstantSplat (Fan et al. 2024a). Specifically, from each set
of 24 RGB, NIR, and textual metadata viewpoints, we ran-
domly sampled 3, 6, and 12 views for training and testing
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Figure 4: The overall architecture of NIRSplat framework. NIRSplat efficiently processes tri-modal inputs consisting of NIR,
RGB, and Text, enabling joint reasoning. The details of the prompt engineering are included in the supplementary document.

purposes, respectively. This sampling strategy simulates real-
world scenarios where limited views are common, ensuring
the dataset’s applicability and the generalization of recon-
struction algorithms in realistic agricultural contexts.

Our Proposed Method

In this section, we describe our NIRSplat in detail, empha-
sizing the multimodal initialization through 3D positional
encoding, the Transformer-based interactions for modality fu-
sion, and the multimodal loss and regularization mechanisms.
The technical background necessary for understanding our
NIRSplat is provided in the supplementary material.

Gaussian-guided Positional Anchoring

Recently, the explicit way (Godard, Mac Aodha, and Brostow
2017; Godard et al. 2019; Yang et al. 2024) to interact with
the 3D priors is to estimate depths from input RGB images.
However, such an approach profoundly limits the advantage
of 3DGS (i.e., real-time NVS) by demanding additional deep-
learning capacity. To mitigate this, we propose a lightweight
and efficient alternative: Gaussian-guided Positional An-
choring inspired by (Shu et al. 2023; Liu et al. 2022), which
provides strong geometric clues from initialized Gaussian
positions without requiring external depth supervision.

Positional Anchoring leveraging Gaussian means. We
leverage MASt3R (Leroy, Cabon, and Revaud 2024) to pre-
dict an initial dense 3D point map {p;}}¥ ;, which serves
as the initialization for our Gaussian representation G =
{pi, i, o, ¢; }, where p; = p; denotes the Gaussian cen-
ter. Simultaneously, a coarse camera pose matrix T € SE(3)
(R € SO(3),t € R3) is obtained per view v, also from
MASTt3R. Given the current estimate of camera pose T and
the intrinsic matrix K € R3*3, we project each 3D point
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p: € R3 onto the 2D image plane as below:

;=K (R-p;+t) € R’ 1)
w; = {uqf} € R2. 2)

Each projected 2D location u; serves as a spatial anchor,
from which we derive a positional embedding using either
sinusoidal encoding or a lightweight MLP.

PE; = @ ([sin(ATu;) ® cos(ATw;)]), 3)

where )\ represents a learnable frequency scale and & denotes
concatenation. ®(-) is a multilayer perceptron (MLP) that
maps the encoded coordinates to a latent embedding space.
This formulation enables efficient and geometry-aware in-
teraction with 3D points directly on the image plane by pro-
viding a unified positional reference. Crucially, it preserves
spatial correspondence and depth continuity without incur-
ring the cost of full-scale depth estimation, thus maintaining
the efficiency and lightweight design of 3DGS.

NIRSplat: A Multimodal Gaussian Splatting

Bridging the invisible: NIR-RGB Coupling. 3DGS (Kerbl
et al. 2023) introduces a powerful Gaussian-based represen-
tation that enables real-time novel view synthesis, driving
substantial progress across numerous 3D vision applications.
However, in outdoor agricultural scenarios, where sensor
configurations are often sparse and viewpoint coverage is
inherently limited, we observe a considerable performance
drop due to inconsistent lighting, occlusion, and textureless
surfaces. To overcome these challenges, we incorporate near-
infrared (NIR) sensing as a complementary modality to
RGB. NIR images capture electromagnetic wavelengths be-
yond the visible spectrum, revealing latent structural informa-
tion such as chlorophyll absorption, leaf water content, and
surface reflectance properties that are often invisible in RGB.
By leveraging this spectral prior, we aim to enhance feature



robustness under adverse imaging conditions. To this end, we
design a Transformer-based NIR-RGB fusion module using
a deformable cross-attention mechanism D_Attn (Vaswani
et al. 2017; Zhu et al. 2020). Let F,gp, = {f};}/L, and

Foir = {f};. 1}V, be the extracted features from RGB and
NIR branches. Each modality is augmented with a shared
positional encoding PE; = PE[:, u;, v;], and fused via:

F() = D_Attn(f), ® PE;, f\) @ PE;, f5) ®PE;) (4)

Here, D_Atin(-) applies a multi-head deformable attention
operation. This formulation allows the RGB features to se-
lectively attend to informative NIR signals guided by spatial
anchors from the shared positional encoding. The fused repre-
sentation is obtained by stacking L attention layers, yielding
the final robust cross-modal feature set: F,,,, = {f;r}l],v:l,
where FSJ} € RY. This transformer-driven NIR-RGB inter-
action enables effective exploitation of cross-spectral cues
under limited views, leveraging both radiometric contrast
from NIR and geometric alignment via positional encoding.
As demonstrated in our experiments, this mechanism signifi-
cantly enhances scene understanding and 3D reconstruction
quality under real-world agricultural constraints.

Bridging the invisible: RGB-Text Coupling. Vision-
Language Models (VLMs) (Radford et al. 2021; Alayrac
et al. 2022; Li et al. 2022a,b; Zhang, Li, and Bing 2023; Li
et al. 2023a; Liu et al. 2023) have recently achieved striking
success across a wide range of tasks by tightly coupling visual
inputs with rich textual descriptions. Despite their proven po-
tential, these models remain largely unexplored in the domain
of agricultural 3D reconstruction (i.e., a field that urgently
demands robust, high-level scene understanding to support
smart farming systems). To address this gap, we propose a
Transformer-based RGB-Text interaction module that seman-
tically bridges RGB features with language-derived plant
attributes, enabling better recognition of hard samples (e.g.,
small objects, fine structures, and hard-to-perceive regions).
Primarily, we observe that various factors (e.g., descriptions,
object attributes, environmental cues) in text prompts sig-
nificantly contribute to view understanding (Oh et al. 2024;
In Lee et al. 2024; Roh et al. 2024; Lee et al. 2024) by guid-
ing the model’s attention and perspectives. Inspired by this,
we generate botanical-aware prompts 7 € RLXC that en-
capsulate detailed semantic information, such as vegetation
index (e.g., NDVI, NDWI), structural traits (e.g., leaf shape,
stem thickness), phenological stages (e.g., sprouting, flower-
ing), and context (e.g., lighting, occlusion), as detailed in the
supplementary document. These prompts are first encoded
using a pre-trained VLM to obtain token-level text features:

Fror = {fials Jiats s fizi )+ where each fiy) € R rep-
resents a contextualized embedding. To align language and
vision, we also leverage the deformable attention mechanism
D_Attn (Vaswani et al. 2017; Zhu et al. 2020), injecting
shared positional priors via PE (see Eq. 3) in the same manner.
We formulate the multimodal features from the NIR-RGB
fusion F,; and textual tokens f,., at pixel coordinate (u;, v;)
as follows:

F') = D_Attn(f(

ntr nr

@ PE;, £ ® PE;, £ ® PE;) (5)
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Here, @ denotes vector concatenation, and the attention mod-
ule facilitates fine-grained alignment between visual and
linguistic features at both spatial and semantic levels. The
resulting multimodal feature F,;, integrates geometric an-
chors and contextual cues and is subsequently processed
by a lightweight feed-forward decoder: {u,a, ¥, c} =
MLPgaUSS(Fn”), where 11 € R3 denotes the 3D Gaussian
mean, o is the opacity, ¥ € R3*3 represents the anisotropic
covariance (or its low-rank approximation), and c is the RGB
appearance feature. These learned G are directly fed into a
3D Gaussian Splatting renderer equipped with an Adaptive
Density Control (ADC) mechanism, allowing efficient, ro-
bust, and botanic-aware scene reconstruction under novel
agricultural scenarios (i.e., insufficient visual clues).

Cross-Modal Gaussian Field Reasoning

To successfully render a set of Gaussians G and correspond-
ing pose 7', we adopt a Gaussian rasterization as a differen-
tiable operator following Gaussian Bundle Adjustment (Fan
et al. 2024a) in a self-supervised manner. Specifically, after a
highly informative cross-modal fusion phase, the refined pose
T and Gaussian field G are jointly optimized by minimizing
the photometric rendering loss:

Acphoto:g}g}zzHév,p_cv,p(GaT)an qe {172}'
v p
(6)

where C' and C are the rasterization function and the observed
2D images, respectively. Consequently, it is worth noting that
this formulation facilitates rapid optimization, seamlessly
incorporating complementary multimodal knowledge into
the underlying 3D Gaussian representation.

Experiments

Baselines. We selected recent state-of-the-art methods for
comparison, including 3DGS (Kerbl et al. 2023), Splat-
Fields (Mihajlovic et al. 2024), InstantSplat (Fan et al. 2024b)
and CoR-GS (Zhang et al. 2024). These methods efficiently
leverage a Gaussian parameter in real time, optimizing a posi-
tion p, an opacity c, a covariance 3 € R3*3, and spherical
harmonics (color) ¢ with trivial computational overhead. Ad-
ditionally, we adopt pose-free methods, Nope-NeRF (Bian
et al. 2023) and CF-3DGS (Fu et al. 2024), which are sup-
ported by monocular depth maps and ground-truth camera
intrinsics, following InstantSplat. Please refer to the supple-
mentary document for detailed experimental setups.

Benchmarks and Discussions

Previous works often struggle under agricultural conditions
due to uncertain camera perspectives, insufficient visual
cues, and constraints on computational resources, making
robust 3D reconstruction particularly challenging. Specifi-
cally, 3DGS suffers from limited 2D information (i.e., due
to sparse-view setups), leading to an inevitable performance
drop (up to -31.9% SSIM, -5.8 PSNR, and +25.2% LPIPS
gaps compared to our NIRSplat), as shown in Tab. 2. In the
3-view configuration, CoR-GS shows substantial structural
degradation (lowest SSIM score) among recent sparse-view



Method | SSIM (1) \ PSNR (1) \ LPIPS (|)

| 3-view 6-view 12-view | 3-view 6-view 12-view | 3-view 6-view 12-view
3DGS ‘ 0.5074 0.5590 0.6531 ‘ 14.1552 15.5586 17.4352 ‘ 0.4586 0.4469 0.4033
CoR-GS-1k 0.7179 0.7642 0.8081 16.3494 17.1991 19.5895 0.4124 0.3191 0.2289
CoR-GS-10k 0.7285 0.7776 0.8287 16.7118 18.8023 20.8714 0.4049 0.3094 0.2281
CoR-GS-30k 0.7143 0.7611 0.8131 15.8925 17.5348 20.2927 0.4120 0.3405 0.2489
SplatFields-1k 0.7429 0.7647 0.7886 11.5490 13.6087 13.4497 0.4301 0.3787 0.3164
SplatFields-10k 0.7624 0.7799 0.8070 12.1196 14.6183 14.4463 0.3965 0.4017 0.2898
SplatFields-30k 0.7664 0.7802 0.8163 12.8751 14.1314 15.6037 0.3764 0.3754 0.2721
InstantSplat-200 0.7559 0.7604 0.7720 17.6177 17.9250 18.5293 0.3048 0.2943 0.2784
InstantSplat-1k 0.7984 0.8126 0.8134 18.3849 18.9233 19.0333 0.2797 0.2689 0.2438
NIRSplat-200 0.7906 0.8099 0.8174 18.1747 18.7103 19.1921 0.2371 0.2267 0.2229
NIRSplat-1k 0.8268 0.8311 0.8421 20.7182 21.0169 21.0814 0.2070 0.2071 0.2080

Table 2: Main Performance with SOTA techniques (Fan et al. 2024b; Zhang et al. 2024; Mihajlovic et al. 2024) on NIRPlant
dataset. We conduct experiments with 3, 6, and 12 view setups and calculate traditional three metrics: SSIM, PSNR, and LPIPS.
200, 1k, 10k and 30k denote iterations. Note that bold values indicate the best performance. Gray shading indicates Ours.

Method ‘ Configuration ‘ SSIM (™D ‘ PSNR (1) ‘ LPIPS (1)
| | 3-view 6-view 12-view | 3-view  6-view 12-view | 3-view G6-view 12-view
I,.4p only 0.7984 0.8126  0.8134 | 18.3849 18.9233 19.0333 | 0.2797 0.2689  0.2438
Iy gty Inir 0.7096 0.7383  0.7426 | 16.9913 17.6154 17.6345 | 0.2431 0.2265 0.2264
InstantSplat-S Frgp @ Frir 0.8049 0.8079 0.8128 | 18.0318 18.7785 19.0927 | 0.3091 0.2923  0.2881
p Frgp ® Frir © Fioy 0.7875 0.7883  0.7938 | 16.4174 17.1859 17.5160 | 0.2933 0.2742  0.2634
Frgp + Frir 0.7605 0.7747 0.7789 | 16.1966 16.9488 17.1367 | 0.3623 0.3503  0.3505
Frgp + Frir + Fiot 0.7514 0.7671  0.7735 | 14.6166 15.4207 16.5871 | 0.3405 0.3353  0.3246
attn(Fygp, Fiat) 0.8053 0.8139 0.8160 | 18.8696 18.7132 19.1866 | 0.2765 0.2728  0.2457
NIRSplat-S attn(Frgp, Frir) 0.8205 0.8240 0.8314 | 20.0486 20.2083 20.9963 | 0.2244 0.2153 0.2130
attn(Frgy, Frir, Fiae) | 0.8268 0.8311  0.8421 | 20.7182 21.0169 21.0814 | 0.2070 0.2071  0.2080
Table 3: Ablation study on various configurations.
approaches (Mihajlovic et al. 2024; Fan et al. 2024b). Mean- PE | 6 views
while, SplatFields fails to preserve pixel-level fidelity, result- w/o wi/ SSIM (1) PSNR (1) LPIPS (])
ing in a notable drop in PSNR and suboptimal reconstruction v | 08159 18.3132 0.2745
quality. Furthermore, these models exhibit poor performance v 0.8311 21.0169 0.2071

under extremely limited training budgets (1k iterations), sug-
gesting a lack of inherent robustness. Although InstantSplat
addresses these drawbacks, this paradigm is still limited in
capturing visual details from challenging agricultural sam-
ples (i.e., occlusion, uneven reflection), resulting in up to
-2.6% SSIM, -2.5 PSNR, and +7.2% LPIPS loss, compared
to Ours. To tackle these issues, we leverage a novel multi-
modal architecture, NIRSplat, which effectively generalizes
agricultural environments. Notably, NIRSplat demonstrates
its efficiency and validity by surpassing the performance of
previous models that use 12 views despite using only 3 views.

Ablation Studies

Impact of Additional Modalities. This naturally raises a
fundamental question: Do additional modalities consistently
yield performance improvements? While additional modali-
ties (NIR, Text) provide rich complementary cues, seamlessly
integrating them remains a significant challenge. This diffi-
culty largely stems from inherent modality gaps, spectral
discrepancies, and disjoint embedding spaces across RGB,
NIR, and textual inputs. To better understand this, we ex-
plore various fusion strategies in Tab. 3. Naively adding NIR
signals significantly degrades performance, leading to up to
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Table 4: Ablation study of PE (Eq. (3)).

a 9% drop in SSIM. We attribute this to the spectral dis-
crepancy and value distribution mismatch between visible
and near-infrared modalities. Conventional fusion techniques
(element-wise summation, feature concatenation) result in
trivial improvements, failing to resolve the semantic and
spatial misalignment. Importantly, this limitation potentially
becomes more pronounced when incorporating textual meta-
data as shown in Tab. 3 and Tab. 4: without proper geometric
references, semantic and geometric misalignment between
visual and textual features causes suboptimal training (i.e.,
-1.52% SSIM, -2.7 PSNR, +6.74% LPIPS). To address
this, we introduce an effective cross-modal 3D reconstruc-
tion method, NIRSplat that leverages a geometry-guided
3D point-based positional encoding (PE) scheme anchoring
features from all modalities to a shared 2D projection space.
Consequently, NIRSplat facilitates robust alignment for un-
certain cross-modal knowledge by allowing the model to
leverage the most informative signals from each modality,
thereby achieving superior 3D consistency and fidelity.

Effect of Botanic-Aware Knowledge. To further enhance
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Figure 6: Qualitative visualization in a 3-view setup, demonstrating the results under diverse lighting conditions: Lemon (strong
light), Kale (artificial light), Art2 (occlusion), and Cabbage (small object). The red boxes highlight the challenging semantic loss.

scene understanding in agricultural domains, we incorporate recovers saturated regions under strong illumination, resolves
botanic-aware textual prompts that encode physiological and fine details in small-scale objects, and maintains coherence in
environmental context (i.e., NDVI, NDWI, chlorophyll levels, occluded or low-texture areas—demonstrating its robustness
growth stages, and lighting conditions), as detailed in the across diverse agricultural conditions.
supplement. One might reasonably question the effectiveness
of language-baged guidance in dense? 3D reconstruction, as Conclusion
textual descriptions are often semantically abstract and may
lack spatial precision. To address this concern, we conduct an Summary. In this work, we introduced the NIRPlant dataset,
ablation study comparing plain prompts with botanic-aware which incorporates multimodal data from Near-Infrared
prompts that explicitly embed spectral and biological indices. (NIR), text, and RGB sensors in both indoor and outdoor
As shown in Fig. 5, botanic-aware prompts lead to consistent agricultural environments. By leveraging the unique advan-
performance gains, with improvements compared to plain tages of NIR and botanical-aware text, we addressed the
prompts under challenging scenarios. These results indicate challenges of 3D reconstruction in agriculture, including un-
that botanic-aware prompts, unlike plain prompts, act as high- even lighting, occlusion, and novel perspectives. We also
level priors that reinforce correlations between NIR responses presented NIRSplat, an effective multimodal Gaussian Splat-
and botanical states, guiding cross-modal attention toward ting framework that bridges these modalities through cross-
semantically and structurally relevant regions and improving attention and strong geometric priors from 3D point-based
reconstruction fidelity under ambiguity or occlusion. positional encoding. Importantly, NIRSplat significantly im-
proves scene understanding, leveraging invisible NIR and
Qualitative Analyses contextual text knowledge. Through comprehensive exper-

iments, we demonstrated that NIRSplat outperforms state-

We qualitatively evaluate our method under four challeng- ated tid ) :
of-the-art methods, highlighting the potential of multimodal

ing agricultural scenarios: (i) Strong sunlight (Lemon), (ii)

artificial lighting (Kale, Art2), (iii) occlusion (Art2), and integration for robust agricultural 3D reconstruction.

(iv) small objects (Cabbage), with Blueberry serving as a Limitations and Future Work. We found that additional in-
moderate-complexity reference (see Fig. 6). Conventional puts lead to significant computational overheads, which limit
methods (e.g., InstantSplat) often fail to preserve semantic the efficiency of real-time rendering. While our transformer-
and geometric fidelity, showing blurred textures and struc- based approach effectively bridges the multimodality, it suf-
tural collapse under occlusion or extreme lighting. In contrast, fers from the cost of increased model complexity and capacity.
NIRSplat achieves clear improvements by leveraging spec- In future work, we aim to address this issue by seamlessly
tral cues (e.g., NIR) and botanic-aware priors, enabling better aligning the three different modalities, ensuring more effi-
detail recovery and structural consistency. Notably, NIRSplat cient integration and reducing computational overhead.
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