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A B S T R A C T

Vegetation constitutes one of the most abundant forms of life on Earth, yet accu-
rately representing and reconstructing vegetation using radiance fields with low stor-
age overhead remains a significant challenge. This difficulty arises from the intricate
geometry of vegetation, characterized by numerous thin twigs and delicate leaves. To
tackle this problem, we introduce VegMRFP, a novel framework for vegetation ren-
dering and surface reconstruction based on mixed radiance primitives. Our method
employs 2D Gaussian primitives to model plant stems and billboard primitives to
represent clusters of leaves and lobes. Combined with a storage optimization strat-
egy, the framework enables high-quality rendering of vegetation with lower memory
cost. Experimental results demonstrate that our method achieves vegetation render-
ing quality comparable to the state-of-the-art methods, while requiring only 61.3%
and 71.2% of the memory cost of BBSplat and 2DGS, respectively. Project page:
https://luminarygrove315.github.io/VegMRFP/.
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1. Introduction1

Vegetation accounts for approximately 82% of the Earth’s2

biomass [1], making them indispensable in various application3

fields, from video games and film production to urban planning,4

architectural design, and forestry simulation. However, due to5

the fractal characteristics of most vegetation and the numerous6

intricate details of leaves and twigs, reconstructing photoreal-7

istic 3D vegetation models remains a challenging task. While8

classical vegetation modeling methods can reconstruct vegeta-9

tion with clear hierarchical structures, the process is laborious10

and the results often lack realism. Billboard technique [2–6]11

serves as a computationally efficient approach for vegetation12

rendering in real-time applications. It uses dynamically ori-13

ented 2D texture patches (billboards) in place of complex 3D14

geometry, continuously adjusting their facing direction relative15

to the camera orientation to maintain visual fidelity. Therefore,16

billboards offer significant advantages for vegetation render-17

ing including superior rendering performance, reduced memory18

consumption, and inherent support for dynamic visual effects.19

In recent years, Neural Radiance Fields (NeRF) [7] and 3D20

Gaussian Splatting (3DGS) [8] have emerged as a prominent re-21

Fig. 1. VegMRFP employs 2D Gaussian primitives to model vegetation
stems, while utilizing billboard primitives to represent lobe clusters such
as leaves and twigs.

http://www.sciencedirect.com
http://www.elsevier.com/locate/cag
https://luminarygrove315.github.io/VegMRFP/


2 Preprint Submitted for review /Computers & Graphics (2026)

search focus within the domains of novel view synthesis and 3D1

reconstruction, due to their high fidelity and strong scalability.2

For vegetation reconstruction, although NeRF and 3DGS-based3

methods demonstrate significant advantages for producing re-4

alistic models in overall morphology, they exhibit three ma-5

jor limitations: (a) reconstruction quality deteriorates in heav-6

ily self-occluded leaf and twig regions; (b) requiring extensive7

training time; (c) the generated models requires substantial stor-8

ages.9

More recently, Huang et al. [9] proposed a novel 2D Gaus-10

sian Splatting (2DGS) approach to model and reconstruct ge-11

ometrically accurate radiance fields from multi-view images.12

Unlike 3DGS, 2DGS provides view-consistent geometry while13

modeling surfaces intrinsically, allowing for noise-free and de-14

tailed geometry reconstruction, fast training speed, and real-15

time rendering. BBSplat [10] is a similar approach for novel16

view synthesis based on textured geometric primitives. The17

proposed primitives narrowed the rendering quality gap be-18

tween 2D and 3D Gaussian Splatting, enabling the accurate ex-19

traction of 3D mesh as in the 2DGS framework.20

The crown of vegetation can be roughly divided into the21

stems (or trunk and main branches) and the texture-lobes [11],22

and the latter contain intricate details of leaves and twigs. In-23

spired by the aforementioned works, we present VegMRFP, a24

mixed radiance-field primitive framework for storage-efficient25

3D vegetation rendering and surface reconstruction that com-26

bines 2DGS and BBSplat with inherent vegetation characteris-27

tics as shown in Figure 1. The approach takes multi-view vege-28

tation images with registered camera poses as input, constructs29

realistic 3D representations through mixed radiance field primi-30

tives, and ultimately extracts geometrically accurate mesh mod-31

els of the vegetation. Specifically, we implement a two-stage32

strategy for vegetation radiance field representation. In the ini-33

tial stage, 2D Gaussian primitives are employed to coarsely34

represent the complete vegetation structure, and the DBSCAN35

algorithm[12] is applied to separate lobe clusters from the 2D36

Gaussian primitive clusters. The second stage uses differenti-37

ated 2D Gaussian primitives for less-detailed stem structures,38

while billboard primitives handle the heavily self-occluded,39

detailed lobe clusters. Although the mixed primitive repre-40

sentation enhances rendering quality, it significantly increases41

the storage requirements of the resulting radiance field mod-42

els. Thus, we developed an optimization method to minimize43

storage consumption while preserving rendering fidelity to the44

greatest possibility. In summary, our research makes the fol-45

lowing contributions:46

• A two-stage mixed representation framework VegMRFP47

for realistic vegetation rendering and surface reconstruction.48

This framework employs 2D Gaussian primitives for stem49

structures and billboard primitives for lobe cluster representa-50

tion, ultimately enabling high-fidelity 3D mesh extraction of51

complete vegetation models.52

• The memory usage of VegMRFP is reduced via Spatial53

Redundancy Scoring (SRS) and variable Spherical Harmon-54

ics (SH) order, enabling high-quality vegetation rendering with55

lower storage cost.56

• A multi-view vegetation dataset is constructed and four57

metrics are used for facilitating quantitative evaluation of re- 58

construction quality of various vegetation. 59

2. Related Work 60

This study is closely aligned with three primary research ar- 61

eas: 3D vegetation reconstruction, radiance field representation, 62

and radiance field-based surface reconstruction. Accordingly, 63

this review focuses primarily on these domains. 64

2.1. 3D Vegetation Reconstruction 65

Vegetation reconstruction has remained a prominent cross- 66

disciplinary research topic in computer graphics and botanical 67

sciences. Early studies mainly relied on rule-based or procedu- 68

ral branching models [13], which can generate structured plant 69

architectures but often require hand-crafted rules and parame- 70

ters. TreeSketchNet [14] framework incorporates deep learning 71

to generate high-fidelity vegetation skeletons from sketch in- 72

puts, significantly advancing reconstruction quality. 73

In addition to the aforementioned reconstruction approaches, 74

leveraging both point clouds and images as model inputs often 75

yields 3D vegetation models with significantly enhanced pho- 76

torealism. Early point cloud-based vegetation reconstruction 77

methods [15–17] were often constrained by multiple manual 78

parameter adjustments, unnatural reconstruction outcomes, and 79

relatively slow computational performance. The work in [18] 80

introduced a parameter-free approach for vegetation reconstruc- 81

tion from non-uniform laser-scanned point clouds. AdTree[19] 82

automatically reconstructs high-fidelity 3D vegetation skele- 83

tons from laser-scanned point clouds using its three-module re- 84

construction pipeline. SmartTree[20] employs deep learning to 85

extract vegetation skeletons from point clouds, achieving supe- 86

rior performance on quantitative metrics. Image-based vegeta- 87

tion 3D reconstruction methods [21–25] compute depth maps, 88

voxels, and point clouds from input images, then extract skele- 89

tal structures through specialized algorithms before generating 90

final 3D mesh models using L-Systems. Li et al.[26] applies 91

deep learning to single-image vegetation reconstruction, em- 92

ploying radial boundary volumes to produce photorealistic 3D 93

vegetation models from individual photographs. 94

2.2. Radiance Field Representation 95

NeRF[7] was initially proposed for novel view synthesis, im- 96

plicitly representing scenes as a continuous 5D function and 97

using volume rendering to guide 3D reconstruction via 2D im- 98

ages. However, its early versions suffered from low rendering 99

quality and slow training. To improve rendering fidelity, re- 100

searchers enhanced NeRF through better input encoding [27], 101

sampling strategies [28], and scene representations [29, 30]. 102

Liu et al. and Hedman et al. [31, 32] accelerated rendering 103

using sparse voxel octrees, while Instant-NGP [33] replaced po- 104

sitional encoding with multi-resolution hash encoding and opti- 105

mized CUDA implementation, achieving orders-of-magnitude 106

speedups without quality loss. 107

3DGS [8] has emerged as a prominent novel view synthesis 108

method in recent years. To enhance its rendering quality, MSGS 109

[34] uses a multi-scale 3D Gaussian splatting algorithm that 110
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maintains Gaussian distributions at different scales to represent1

the same scene. Mip-Splatting [35] employs a 3D smoothing2

filter constrained by the maximum sampling frequency from in-3

put views to regulate Gaussian primitive sizes, effectively elim-4

inating high-frequency artifacts during magnification. Rota et5

al. However, as image scales and resolutions increase, the6

growing number of Gaussian primitives and their storage de-7

mands pose challenges. Real-time rendering in large-scale or8

high-resolution scenarios is constrained by limited computa-9

tional and memory resources. To address this problem, Light-10

Gaussian [36] employs pruning strategies to remove redundant11

primitives. Compact-3DGS [37] proposes a learnable mask-12

ing strategy. Additionally, R-3DGS [38] analyzes the primary13

factors behind 3DGS’s high memory consumption primitives14

count and proposes three compression schemes to reduce model15

storage overhead.16

2.3. Radiance Field-Based Surface Reconstruction17

Recently, neural network-based level-set methods [39–41]18

for representing 3D shapes have gained popularity. These ap-19

proaches can be integrated with radiance field techniques by20

representing a 3D surface as the zero level-set of a Signed21

Distance Field (SDF) [42–44], followed by mesh extraction22

algorithms to obtain the final 3D model. Building on NeuS23

[42], NeuS2[45] replaced the original NeRF with Instant-NGP,24

enabling faster and higher-quality reconstructions for both25

static and dynamic scenes. Similarly, Neuralangelo [46] in-26

tegrated Instant-NGP with SDF by employing numerical dif-27

ferentiation to solve second-order derivative issues and coarse-28

to-fine optimization to ensure stability, ultimately achieving29

high-resolution reconstructions for indoor and outdoor scenes,30

though its multi-stage upsampling process increased training31

time and resource consumption. In the domain of explicit32

Gaussian primitive representation for high-fidelity 3D mesh re-33

construction, SuGar [47] introduces a regularization term that34

aligns Gaussian points with scene surfaces. Meanwhile, 2DGS35

[9] employs 2D Gaussian disks to represent 3D scenes while en-36

suring multi-view consistency through depth warping and nor-37

mal consistency constraints, thereby improving reconstruction38

quality.39

Since vegetation has complex geometry structures, the gen-40

eral radiance field-based rendering and reconstruction meth-41

ods will result in either high storage consumption or poor ren-42

dering quality. This motivates our low storage-cost and high-43

fidelity approach combining mixed radiance field primitives for44

vegetation-specific reconstruction.45

3. Preliminaries46

3.1. 2D Gaussian Splatting47

3D Gaussian Splatting (3DGS) [8] explicitly represents 3D
scenes using collections of Gaussian primitives. Unlike 3DGS
which employs 3D ellipsoids, 2DGS represents scenes using
flat 2D ellipses, which are aligned with object surfaces and ex-
hibit Gaussian-distributed transparency. The 2D ellipses are
parameterized as {µi, si, ri, oi, S Hi}, denoting their position, 2D
scale, quaternion-based rotation, global opacity, and Spherical

Harmonics (SH) which encode view-dependent color proper-
ties. To determine ellipse orientation, 2DGS leverages local
tangent planes, which are derived from a transformation matrix
H:

P(u, v) = pk + sutuu + svtvv = H(u, v, 1, 1)T (1)

H =
[
sutu svtv 0 pk

0 0 0 1

]
=

[
RS pk

0 1

]
(2)

Where the (u, v) coordinates lie on the local tangent plane P.
Using the coordinates, the 2D Gaussian intensity is denoted by:

G(u) = e−
u2+v2

2 (3)

3.2. Billboard Splatting 48

BillBoard Splatting (BBSplat) is an optimized variant of
2DGS that replaces the volumetric density in 2D Gaussian
primitives with an α texture Tα. For color encoding, the method
further incorporates an RGB texture T RGB to compute the color:

c(x) =
∑
i=1

ci[u(x)]Tαi [u(x)]
i−1∏
j=1

(1 − Tαj [u(x)]) (4)

ci[u] = T RGB
i [u] + RGB(S Hi,di) (5)

Where function u(·) computes texture coordinates; 49

RGB(S Hi,di) represents the color value calculated using 50

the SH features. 51

4. Methods 52

Figure 2 shows the workflow of the VegMRFP framework. 53

Starting from multi-view vegetation images and an initial point 54

cloud, we first optimize 2D Gaussian primitives to establish a 55

preliminary radiance field representation of the complete veg- 56

etation (Sec. 4.1). Then, we compute SRS for each optimized 57

2D Gaussian, and employ DBSCAN clustering based on both 58

SH features and SRS to segment stems from lobe clusters (Sec. 59

4.2). In the second stage, depth distortion and normal consis- 60

tency losses are applied to the refined 2D Gaussian primitives 61

for stems to enhance geometric consistency for TSDF-based 62

mesh extraction. Lobe clusters are represented by billboard 63

primitives with learnable RGB and α textures and are optimized 64

through photometric supervision. (Sec. 4.3). Finally, we intro- 65

duce a storage optimization method to minimize storage con- 66

sumption of the vegetation model (Sec. 4.4). 67

4.1. Initial Radiance Field Representation 68

We first employ 2D Gaussian primitives to provide an ini-
tial representation of the entire vegetation, ensuring multi-view
consistency while facilitating subsequent extension with mixed
primitives. The photometric loss, which consists of a RGB re-
construction termL1 and a Structural Similarity Index Measure
(SSIM) term LD−S S IM , is used for the intial training:

L = (1 − λ)L1 + λLD−S S IM (6)

Where λ is a hyperparameter. 69
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Fig. 2. Overview of the VegMRFP framework.

4.2. Segmentation of Stems and Lobe Clusters1

As empirically observed, vegetation stems (trunk and main2

stems) and lobe clusters (leaves and twigs) exhibit significant3

disparities in both chromatic attributes and spatial density dis-4

tributions. Motivated by this prior, we propose a segmentation5

method that jointly leverages spherical harmonic (SH) coeffi-6

cients and Spatial Local Density (SLD) metrics as shown in7

Figure 3.8
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Fig. 3. Vegetation lobe clusters and stems exhibit distinct characteristics
in both RGB color space and local spatial density distributions. Specifi-
cally, lobe clusters exhibit significantly higher SLD of Gaussian primitives
with dominant coloration. In contrast, stems demonstrate sparser primi-
tive distributions and characteristic hues consistent with its woody tissue
reflectance properties.

Calculation of SLD. For each 2D Gaussian primitive with
center pi, we select its k nearest neighboring primitives with
centers {pi j}kj=1. Let di j = pi j − pi denote the displacement
vector from the target primitive to its j-th nearest neighbor. The
Spatial Local Density (SLD) is then defined as the inverse of
the average distance to the k nearest neighbors:

ρi =
k∑k

j=1 ∥di j∥2
. (7)

Intuitively, this KNN-based SLD measures the local density of 9

neighboring primitives around the target primitive. A smaller 10

average distance to the k nearest neighbors leads to a larger ρi, 11

indicating a denser local primitive distribution. This can be in- 12

tuitively understood as counting the number of 2D Gaussian 13

primitives within a spherical region centered at the primitive’s 14

centroid with a specified radius, where a higher count indicates 15

greater density and vice versa. We compute the SLD of each 16

2D Gaussian primitive using a standard KNN algorithm, imple- 17

mented with CUDA programming through Morton codes and 18

reduction operations to efficiently find k nearest neighbors and 19

calculate the sum of distances between their centers. In our ex- 20

periments, we set k as 16. 21

DBSCAN for segmenting stems and lobe clusters. DB-
SCAN, a classical density-based clustering algorithm capable
of forming arbitrarily shaped clusters while identifying noise
points, is employed to seperate stems and lobe clusters. We de-
fine the composite density metric σds as a weighted sum of n
SH coefficients and the computed SLD is denoted by:

σds =
w
n
·

n∑
i=1

S Hi + (1 − w) · ρ (8)

Where we set the weight parameter w to0.4 by considering the 22

greater impact of spatial local density on the clustering algo- 23

rithm, and configure the n as 48. In the initial 2D Gaussian 24

primitive representation of vegetation, each specimen typically 25

contains approximately 100, 000 primitives, with stem compo- 26

nents accounting for roughly 20% of the total. Based on this 27

distribution characteristics, we set the minimum points param- 28

eter (minPts) to 20, 000 for the DBSCAN algorithm. After 29

completing the clustering process, we store the segmentation 30

results in an additional semantic parameter cl defined for each 31

2D Gaussian primitive. The parameter is assigned binary value, 32

where cl = 1 indicates stem primitive and cl = 0 represents lobe 33
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cluster primitive.1

4.3. Fine Representation of Vegetation2

We observe that even with a large number of 2D Gaussian3

primitives, accurately representing vegetation lobe clusters for4

high-quality rendering remains challenging. Motivated by the5

classical billboard technique for efficient vegetation rendering6

[3, 4, 48] and the BBSplat approach for 3D scene representa-7

tion, we propose a mixed representation of vegetation by com-8

bining 2D Gaussian primitives with billboard elements.9

Fine representation of 2DGS stems. Since stems exhibit10

relatively sparse geometric details and smooth surfaces, we em-11

ploy 3DGS’s adaptive density control strategy to refine their12

representation as shown in Figure 4. First, we clone 2D13

Gaussian primitives in under-reconstructed areas while splitting14

them in over-reconstructed regions. Then, we prune primitives15

with opacity below 0.05 to prevent excessive counts during ev-16

ery 3, 000 iterations. The optimization further incorporates dis-17

tortion loss and normal consistency loss to enhance stem ge-18

ometric details, enabling extraction of high-quality 3D mesh19

model.20

Clone
A A A’

Optimize

A A’

A
Split A

1A
2

Optimize A
1A
2

Fig. 4. Cloning and splitting operations for refining the representation of
stems using 2D Gaussian primitives.

BillBoard primitive-based lobe cluster representation.
Unlike the stems, lobe clusters have many small twigs and leaf
details, making the representation quality of 2D Gaussian prim-
itives relatively poor. Therefore, we use billboard primitives
instead of 2D Gaussian primitives to optimize the lobe cluster
representation as shown in Figure 5. Specifically, we extract
the primitives with cl = 0 from the initial 2D Gaussian repre-
sentation, then assign each primitive a 16 × 16 α texture and
an 16 × 16 RGB texture. These textures are optimized using a
texture loss term Ltexture, formulated as follows:

Lrgb =
1
N

N∑
i=0

wi||T RGB
i ||,

Lα =
1
N

N∑
i=0

wi||Tαi − G||,

Ltexture = λrgbLrgb +Lα

(9)

Where N denotes the total number of Billboard primitives, wi21

represents the visibility weight of the i-th primitive, and G de-22

notes the Gaussian distribution.23

T RGB T α

(a) 二维高斯表征树冠 (b) BillBoard图元表征树冠

Fig. 5. Representation of vegetation lobe clusters using the billboard prim-
itives for further enhancing the rendering quality.

4.4. Storage Optimization 24

While our method improves the rendering quality of indi- 25

vidual vegetation, it also results in a larger storage footprint 26

for the final vegetation model. Inspired by the work of R- 27

3DGS [38], we introduce a storage optimization method by 28

considering spatial redundancy scoring and variable spheri- 29

cal harmonics order of the generated primitives.Different from 30

R-3DGS, which focuses on compressing standard 3D Gaus- 31

sian primitives, our storage optimization is adapted to the pro- 32

posed mixed-primitives representation consisting of 2D Gaus- 33

sian primitives and billboard primitives. 34

Spatial redundancy scoring (SRS). SRS is defined as the 35

number of primitives that overlap with a small sphere centered 36

at primitive p with a radius r. From multiple viewpoints, we 37

select the view with the highest resolution where primitive p is 38

observed. The dimension of each splat is considered through its 39

spatial influence region in this highest-resolution view, which 40

is determined by the projected extent of the corresponding 2D 41

Gaussian or billboard primitive. Then, we use the KNN algo- 42

rithm to find a series of nearest neighboring primitives of p in 43

3D space. For each of these candidate primitives, we calculate 44

the spatial area they influence when viewed from p’s highest- 45

resolution perspective. Next, we count how many of these areas 46

intersect with p’s bounding sphere as p’s SRS. After calculating 47

the SRS for all primitives, we compute the mean µ and standard 48

deviation σ of all SRS values, and then sort all primitives by 49

their SRS to optimize pruning efficiency. Finally, we set adap- 50

tive threshold as τp = max(µ+λrσ, 3), and remove all primitives 51

with SRS values exceeding this threshold. This process can be 52

illustrated in Figure 6. 53

  

(a) 
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(b)
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Fig. 6. Illustration of storage optimization process by considering spatial
redundancy scoring. (a) For each primitive, identify the viewpoint where
it appears at maximum resolution. (b) In a given viewpoint, each primitive
pi covers a spherical region ai

min. Primitive p0’s spherical region intersects
with none of the others so its S RS = 0. Primitives p1, p2, p3 intersect with
1, 2, and 1 spherical regions respectively, thus their S RS = 1, 2, 1. (c)
Since primitive p2 intersects with both p1 and p3 and its redundancy score
(S RS = 2) exceeds a threshold, p2 gets removed.
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Table 1. PSNR(↑) of 9 models on 16 types of vegetation

Vegetation INGP 3DGS BBSplat R-3DGS Neus2 2DGS SuGaR G-surfels ours

Virtual Pine 35.115 36.393 37.909 35.521 36.093 36.082 35.617 35.503 37.012
Virtual Palm 28.746 29.107 29.809 29.002 28.756 29.111 28.553 29.202 29.401

Virtual Bare Tree 28.714 29.351 30.212 29.140 28.661 29.132 28.221 29.203 30.643
Virtual Pear 28.252 31.022 29.189 30.643 29.351 29.668 23.212 29.132 29.203

Virtual Ulmus 27.217 27.125 29.018 26.728 26.999 27.818 27.565 28.010 28.131
Virtual Sunflower 38.312 38.544 40.138 38.244 38.123 38.983 37.969 39.213 39.212
Virtual Cucumber 35.407 38.081 38.374 37.877 37.902 37.233 34.121 38.203 37.989

Virtual Aloe 41.960 42.033 41.995 41.822 41.898 41.911 40.937 41.943 41.952
Bare Tree 23.421 24.456 26.123 24.322 23.111 24.567 23.654 23.987 25.789

Locust 22.656 23.789 23.987 22.567 21.321 22.456 21.987 23.112 23.436
Crape Myrtle 22.654 24.987 24.123 23.456 22.322 23.567 22.114 24.432 23.789

Pine 20.987 22.345 22.876 21.123 20.456 21.234 20.654 21.789 22.111
Maple 20.876 22.765 22.431 22.512 20.654 21.123 20.987 21.234 22.010

Euo Jap 22.345 24.987 23.947 24.123 22.113 23.567 22.654 24.323 24.003
Shurb 25.317 27.582 27.916 26.209 25.746 26.438 25.893 26.125 27.369

Potting 24.317 26.393 26.914 25.218 24.766 25.441 24.901 25.124 26.582
Mean 27.894 29.310 29.685 28.657 28.017 28.646 27.440 28.783 29.290

Variable Spherical Harmonics (SH) Order. Both 2D1

Gaussian primitives and billboard primitives typically use third-2

order SH for view-dependent color encoding. However, many3

primitives can achieve equal high-quality rendering result with4

lower-order SH representations. Thus, we implement a two-5

tiered approach for SH order reduction. First, for primitives6

with view-independent colors, we encode their color using only7

0th-order SH coefficients. On the other hand, we calculate the8

Euclidean distances d0, d1, d2 between the RGB colors encoded9

with 0th-order, 1st-order, 2nd-order SH coefficients and those10

encoded with full 3rd-order SH coefficients respectively. These11

distances are then weighted by the average opacity across differ-12

ent viewpoints to obtain the final weighted average distance. If13

any di falls below a threshold ϵσ, it indicates that the primitive’s14

color can be sufficiently encoded using the i-th order SH coef-15

ficients (where i ranges from 0 to 2). This process dynamically16

determines the minimal required SH order for each primitive17

while maintaining rendering quality.18

4.5. Mesh Extraction19

For vegetation stems, we compute a Truncated Signed Dis-20

tance Field (TSDF) using the median depth and normal vectors21

obtained from the optimized 2D Gaussian primitives, then ex-22

tract the 3D mesh via the classical Marching Cubes (MC) algo-23

rithm. For vegetation lobe clusters, we triangulate the billboard24

primitives and store the vertex color values of the resulting tri-25

angular patches in texture maps.26

5. Results27

5.1. Datasets and Evaluation Metrics28

Datasets. To verify the effectiveness of the proposed meth-29

ods for individual vegetation, we captured multi-view images30

of 8 real vegetation species, and the image background was re- 31

moved through the large-scale segmentation model SAM[49]. 32

In addition, 8 virtual vegetation models were created using 33

SpeedTree software. Radiance field vegetation datasets were 34

constructed from both the real-world and the virutal models. 35

The number of images for each individual vegetation ranges 36

from 100 to 150, with a pixel resolution of 1920 × 1080. 37

Evaluation Metrics. To facilitate a quantitative evaluation 38

of the rendering quality, we adopted Peak Signal to Noise Ratio 39

(PSNR), Structural Similarity (SSIM) and Learned Perceptual 40

Image Patch Similarity (LPIPS) metrics. On the other hand, 41

Chamfer Distance (CD) was employed to assess the reconstruc- 42

tion quality across all test vegetation samples. 43

Implementation Details. Our method comprises two stages 44

with three key components. In the initial vegetation represen- 45

tation stage, we train 2D Gaussians for only 7, 000 iterations 46

using solely photometric loss for optimization. For the veg- 47

etation segmentation component, we configure the DBSCAN 48

algorithm with a neighborhood radius ϵ of 0.05 and minimum 49

points (minPts) parameter of 20, 000. In the radiance field re- 50

finement stage, we train 2D Gaussian primitives for 30, 000 iter- 51

ations with depth distortion loss weight α set to 1, 000 and nor- 52

mal consistency loss weight β to 0.05. For billboard primitives, 53

the training runs for 32, 000 iterations with texture loss weights 54

λrgb = λα = 1e−4 and a maximum primitive count of 120, 000. 55

During mesh extraction, we set the voxel size as 0.004. All 56

baseline methods maintain their original paper configurations 57

for consistency, and all experiments are conducted on a single 58

NVIDIA GeForce RTX 4090 GPU. 59

Parameter influence and trade-offs. We further discuss the 60

influence of key parameters. Higher image resolution and more 61

input views generally improve fine-detail coverage, but increase 62

training cost and may require more primitives. For SLD com- 63

putation, the neighbor number controls the locality of density 64
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Fig. 7. Comparison of rendering quality with rendering-oriented radiance fields on two types of vegetation.
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Virtual

GT

Sunflower
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Fig. 8. Comparison of rendering quality with reconstruction-oriented radiance fields on two types of vegetation.

estimation: a small k may be sensitive to local noise, while a1

large k may over-smooth the density difference between stems2

and lobe clusters. We empirically set k = 16. For DBSCAN,3

ϵ and minPts affect the stem/lobe partition; overly small val-4

ues may cause over-segmentation, whereas overly large val-5

ues may merge different structures. We use ϵ = 0.05 and6

minPts = 20,000 across all experiments. Training iterations and7

loss weights balance visual fidelity, geometric consistency, and8

training time. For SRS, using more views or neighboring can-9

didates may improve redundancy estimation but increases com-10

putational cost; therefore, we use the highest-resolution view11

and a KNN-based local neighborhood for efficient pruning.12

5.2. Evaluation of Rendering Quality13

In our experiments, we categorized radiance field methods14

into two distinct classes for comparative analysis of render-15

ing quality. One is rendering-oriented radiance fields, which16

primarily focuses on color and lighting accuracy without strict17

surface alignment constraints, typically achieving superior ren-18

dering fidelity. The evaluated approaches include Instant-19

NGP (INGP) [33], 3DGS [8], BBSplat [10] and R-3DGS [38].20

The other is surface reconstruction-oriented radiance fields,21

which incorporates additional regularization terms to ensure ge- 22

ometric surface alignment, often at the cost of slight render- 23

ing precision. The compared algorithms includes Neus2 [45], 24

2DGS [9], SuGaR [47] and G-surfels [50]. 25

Figure 7 and 8 show the comparative results generated by 26

the two kinds of radiance field methods. The results reveal 27

that our approach maintains comparable rendering quality to 28

the state-of-the-art rendering-oriented radiance fields, while 29

consistently outperforming reconstruction-oriented radiance 30

fields in terms of visual fidelity such as fine botanical features 31

and natural illumination characteristics. Table 1 shows quan- 32

titative results of PSNR metric of the two kinds of radiance 33

field methods. The average PSNR of our method on 16 types 34

of vegetation is 29.290, which demonstrates comparable ren- 35

dering quality to rendering-oriented radiance fields such as 36

3DGS and BBSplat, and significant rendering advantages over 37

reconstruction-oriented radiance fields. The results of SSIM 38

and LPIPS metrics show consistency with PSNR-based results, 39

and the average SSIM and LPIPS metric values of our method 40

are 0.872 and 0.163 respectively, achieving optimal or subop- 41

timal values on most vegetation datasets. Detailed per-scene 42

comparisons are provided in Tables 2 and 3. 43
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Table 2. SSIM(↑) of 9 models on 16 types of vegetation

Vegetation INGP 3DGS BBSplat R-3DGS Neus2 2DGS SuGaR G-surfels ours

Virtual Pine 0.917 0.946 0.957 0.935 0.897 0.933 0.926 0.930 0.949
Virtual Palm 0.855 0.875 0.901 0.869 0.858 0.876 0.886 0.893 0.902

Virtual Withered 0.893 0.935 0.932 0.927 0.886 0.919 0.907 0.911 0.936
Virtual Pear 0.885 0.920 0.899 0.903 0.897 0.900 0.851 0.892 0.894

Virtual Ulmus 0.852 0.883 0.917 0.876 0.849 0.877 0.861 0.869 0.917
Virtual Pear 0.941 0.960 0.964 0.957 0.939 0.958 0.942 0.962 0.963

Virtual Cucumber 0.913 0.958 0.962 0.949 0.899 0.927 0.919 0.957 0.959
Virtual Aloe 0.963 0.972 0.968 0.969 0.965 0.968 0.964 0.970 0.967

Withered 0.784 0.812 0.859 0.721 0.689 0.732 0.798 0.814 0.843
Locust 0.753 0.803 0.847 0.698 0.671 0.714 0.782 0.769 0.829

Crape Myrtle 0.769 0.851 0.822 0.831 0.683 0.726 0.791 0.837 0.804
Pine 0.718 0.715 0.719 0.689 0.671 0.698 0.709 0.706 0.712

Maple 0.721 0.712 0.723 0.692 0.674 0.701 0.705 0.706 0.718
Euo Jap 0.771 0.853 0.828 0.715 0.688 0.729 0.793 0.839 0.815
Shurb 0.841 0.883 0.891 0.879 0.769 0.812 0.856 0.874 0.876

Potting 0.832 0.861 0.879 0.789 0.758 0.801 0.847 0.859 0.871
Mean 0.838 0.871 0.879 0.837 0.799 0.830 0.846 0.862 0.872

5.3. Evaluation of Storage and efficiency Consumption1

The quantitative comparison results with explicit radiance2

field representations are shown in Table 4. Across 16 vegetation3

datasets, our method achieves an average storage foo tprint of4

124.8MB, consuming just 61.3% of the baseline BBSplat’s stor-5

age requirements (203.6MB) and 71.2% of the 2DGS’s memory6

cost (175.3MB) in storage efficiency. The result demonstrates7

that our storage optimization method by combining SRS and8

variable SH order has obvious advantage in compact vegetation9

radiance field representation.10

To further evaluate the efficiency of VegMRFP, we addi-11

tionally report the training time comparison in Table 7. The12

DBSCAN-based stem/lobe segmentation is accelerated with13

CUDA and takes less than one minute in our experiments.14

Therefore, the total training time is mainly determined by the15

initial 2DGS training stage and the billboard refinement stage.16

On average, VegMRFP takes 55.56 minutes on the 16 vegeta-17

tion datasets, which is close to 2DGS (53.19 minutes) and about18

27.1% faster than BBSplat (76.19 minutes). Combined with19

the storage-consumption results, these results show that VegM-20

RFP achieves competitive training efficiency while maintaining21

a lower memory footprint.22

Ablation study. We conducted ablation study to evaluate23

the impact of both SRS and variable SH order on storage re-24

quirements and rendering quality, and the experimental results25

are shown in Table 5. The results demonstrate that both SRS26

and SH can effectively reduce final model size, while SRS ad-27

ditionally improving rendering quality while achieving storage28

reduction. SH significantly decreases storage costs by reducing29

color feature encoding overhead, though at a modest compro-30

mise to visual fidelity.31

Neus2

G 

SuGaR

ours T ours GT

2DGS G-surfels

Fig. 9. Qualitative comparison of reconstruction quality with baselines on
two types of vegetation.

5.4. Evaluation of Surface Reconstruction Quality 32

Finally, we compared our method with 4 radiance field mod- 33

els for 3D vegetation surface reconstruction across 16 types of 34

vegetation using the standard CD metric as shown in Table 6. To 35

ensure scale consistency among output meshes from different 36

models, we first aligned all reconstructed meshes to our man- 37

ually crafted reference vegetation models, then normalized all 38

vertex coordinates to the range [0, 1]. Using Poisson disk sam- 39

pling, we generated 16, 000 points from each mesh for CD cal- 40

culation. Quantitative evaluation result shows that after vertex 41

normalization, our method reduces the average CD by 0.002 42

compared to the previous state-of-the-art surface reconstruction 43

approach G-surfels, and by 0.05 relative to the 2DGS method. 44

Figure 9 shows that the reconstructed mesh of our method cap- 45

tures better botanical features including leaf venation patterns, 46

serrated edges, and intricate geometric textures than Neus2, 47

SuGaR, 2DGS and G-surfels. Both the quantitative and qual- 48

itative results validate the capability of our method to gener- 49
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Table 3. LPIPS(↓) of 9 models on 16 types of vegetation

Vegetation INGP 3DGS BBSplat R-3DGS Neus2 2DGS SuGaR G-surfels ours

Virtual Pine 0.051 0.049 0.040 0.057 0.052 0.051 0.063 0.054 0.043
Virtual Palm 0.135 0.118 0.098 0.121 0.143 0.122 0.119 0.104 0.115

Virtual Withered 0.075 0.064 0.068 0.069 0.081 0.072 0.082 0.071 0.065
Virtual Pear 0.102 0.077 0.094 0.081 0.104 0.113 0.086 0.097 0.095

Virtual Ulmus 0.124 0.112 0.089 0.117 0.127 0.113 0.136 0.109 0.111
Virtual Sunflower 0.031 0.025 0.024 0.026 0.033 0.028 0.041 0.027 0.028
Virtual Cucumber 0.045 0.034 0.037 0.042 0.051 0.036 0.055 0.033 0.032

Virtual Aloe 0.024 0.019 0.021 0.022 0.026 0.022 0.027 0.023 0.020
Withered 0.314 0.233 0.212 0.241 0.323 0.246 0.301 0.221 0.215
Locust 0.382 0.288 0.295 0.301 0.379 0.291 0.377 0.312 0.297

Crape Myrtle 0.391 0.265 0.277 0.281 0.356 0.299 0.384 0.301 0.279
Pine 0.484 0.336 0.315 0.376 0.491 0.378 0.473 0.335 0.344

Maple 0.474 0.349 0.311 0.361 0.483 0.401 0.464 0.363 0.323
Euo Jap 0.331 0.276 0.268 0.294 0.354 0.371 0.388 0.313 0.273
Shurb 0.292 0.184 0.167 0.191 0.276 0.186 0.211 0.201 0.199

Potting 0.304 0.163 0.181 0.214 0.311 0.210 0.275 0.204 0.175
Mean 0.222 0.162 0.156 0.175 0.224 0.184 0.218 0.173 0.163

Table 4. Comparison of storage consumption of 5 models on 16 types of
vegetation (MB)(↓)

Vegetation 2DGS SuGaR G-surfels BBSplat ours

Virtual Pine 142.8 634.6 147.8 160.8 96.4
Virtual Palm 143.0 634.1 144.9 172.9 103.2

Virtual Bare Tree 180.0 634.3 182.6 213.5 149.1
Virtual Pear 118.9 634.9 119.8 134.6 75.3

Virtual Ulmus 131.1 634.6 133.5 150.8 90.1
Virtual Sunflower 14.3 635.3 15.1 16.7 10.1
Virtual Cucumber 17.3 635.2 19.7 19.0 13.3

Virtual Aloe 15.2 635.4 16.4 18.5 12.5
Bare Tree 301.7 846.5 299.9 401.5 240.9

Locust 310.6 846.7 314.3 323.4 157.0
Crape Myrtle 312.5 847.9 322.5 313.2 187.9

Pine 212.7 847.4 224.8 267.1 178.9
Maple 303.4 846.3 302.1 366.8 256.7

Euo Jap 202.4 845.9 212.4 234.6 140.7
Shurb 199.5 843.2 188.7 227.4 152.1

Potting 198.7 844.9 201.3 237.5 133.2
Mean 175.3 740.5 177.9 203.6 124.8

ate higher-fidelity 3D vegetation mesh models with enhanced1

structural details.2

To further validate the effectiveness of our geometry-aware3

optimization, we compare our reconstructed mesh with that4

generated by Screened Poisson Surface Reconstruction [51].5

For fairness, we uniformly sampled 200,000 points from our6

final radiance field representation as input to Screened Pois-7

son (implemented in Open3D with depth 9 and normal esti-8

mation). As shown in Figure 10, Screened Poisson produces9

severely incomplete surfaces with missing branches and over-10

smoothed foliage, failing to capture fine details due to its as-11

oursScreened Poisson

Fig. 10. Comparison of surface reconstruction results with Screened Pois-
son.

sumption of uniform point density and consistent normals– 12

conditions unmet by vegetation’s heterogeneous geometry. In 13

contrast, our method faithfully preserves both the global mor- 14

phological structure and fine local geometric details. 15

Figure 11 provides visual comparisons for six representa- 16

tive vegetation types, further illustrating the reconstruction per- 17

formance across diverse species. As shown in the figure, our 18

method recovers finer geometric details and more accurate sur- 19

face structures, yielding results closer to the ground truth with 20

fewer artifacts and higher fidelity. 21

6. Conclusions and Future Work 22

In this paper, we propose VegMRFP, a framework for veg- 23

etation rendering representation and surface reconstruction. 24

Inspired by classical vegetation rendering and reconstruction 25

techniques such as billboard and texture-lobes, we integrate ra- 26

diance field by employing 2D Gaussian primitives for vegeta- 27

tion stems and billboard primitives for lobe clusters. Our frame- 28

work incorporates both the spatial redundancy scoring and vari- 29
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Table 5. Comparison of the effects of SRS and SH techniques on rendering quality and storage space (mean values of the vegetation datasets, w/o
represents without)

Model Virtual Palm Real-world Maple
PSNR↑ SSIM↑ LPIPS↓ Mem. (MB)↓ PSNR↑ SSIM↑ LPIPS↓ Mem. (MB)↓

w/o SRS 29.845 0.938 0.071 172.3 21.638 0.692 0.345 299.7
w/o SH 31.906 0.876 0.059 199.3 22.435 0.721 0.319 343.4
w/o SRS&SH 31.523 0.941 0.054 222.5 22.499 0.723 0.307 386.4
Ours 30.643 0.936 0.065 149.1 22.010 0.718 0.323 256.7

Table 6. Quantitative evaluation result of surface reconstruction in virtual
vegetation using metric CD (↓)

Virtual
vegetation Neus2 2DGS SuGaR G-surfels ours

Pine 0.382 0.052 0.093 0.038 0.035
Palm 0.522 0.164 0.184 0.092 0.093

Withered 0.302 0.413 0.211 0.097 0.103
Pear 0.474 0.097 0.233 0.102 0.085

Ulmus 0.388 0.113 0.212 0.102 0.098
Sunflower 0.038 0.024 0.044 0.032 0.035
Cucumber 0.047 0.051 0.039 0.044 0.042

Aloe 0.031 0.033 0.036 0.035 0.037
Mean 0.273 0.118 0.132 0.068 0.066

able SH order to reduce storage requirements. Experimental re-1

sults demonstrate that the proposed mixed radiance filed primi-2

tives achieve high-quality vegetation representation and surface3

reconstruction with lower memory consumption than previous4

methods.5

However, our current study still has some limitations. The6

DBSCAN-based primitive partition is lightweight but heuristic,7

and may be sensitive to complex vegetation with ambiguous ap-8

pearance and density patterns. Future work will explore more9

robust vegetation-specific or learning-based primitive segmen-10

tation methods. In addition, the current TSDF-based mesh ex-11

traction with classical Marching Cubes may produce unstable12

topology for thin or highly complex structures. We will inves-13

tigate topology-aware surface extraction, adaptive TSDF res-14

olution, and mesh repair post-processing. Finally, VegMRFP15

can be extended to a multi-component representation for stems,16

leaves, flowers, and rough bark regions, and further scaled to17

large vegetation communities.18
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