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Figure 1. Comparison of four crowd rendering representations (geometric meshes, image-based impostors, Neural Radiance Fields, and
3D Gaussians) across four levels of detail (LoD 0-3). LoD 0 corresponds to the highest resolution (100 %), with detail halved at each
subsequent level (50 %, 25 %, 12.5 %). The examples illustrate how fidelity, structural clarity, and smoothness degrade under simplification,
revealing characteristic differences among representation types.

Abstract

In this paper, we investigate how users perceive the
visual quality of crowd character representations at dif-
ferent levels of detail (LoD) and viewing distances. Each
representation, including geometric meshes, image-
based impostors, Neural Radiance Fields (NeRFs), and
3D Gaussians, exhibits distinct trade-offs between visual
fidelity and computational performance. Our qualita-
tive and quantitative results provide insights to guide
the design of perceptually optimized LoD strategies for
crowd rendering.
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1. Introduction

Level of detail (LoD) techniques are widely used in
crowd rendering to balance visual realism with performance

efficiency. Simplified geometric meshes and image-based
impostors have previously been employed to render large,
animated crowds in real time (e.g., [10]). With the recent
emergence of neural rendering methods, such as Neural Ra-
diance Fields (NeRF) and 3D Gaussian Splatting (3DGS), a
new question is raised: how do traditional LoD approaches
compare with modern neural representations; and under
what conditions might a neural representation be percep-
tually equivalent to a high quality mesh representation?

To answer this question, we compare the perceptual im-
pact of LoD rendering for both traditional and neural crowd
character representations. Through a controlled user study,
we examine which LoD representations are perceptually in-
distinguishable from a high-resolution, ground-truth mesh
at different viewing distances and levels of detail. Our con-
tributions include:

1. Perceptual thresholds for LoD placement: We ana-
lyze the proportion of times each of the four represen-
tations—Mesh, Impostor, NeRF, and 3D Gaussian—is
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judged as most similar to a high-quality mesh. Each rep-
resentation is evaluated at multiple LoDs and viewing
distances, both with and without motion. The resulting
perceptual data can inform threshold selection for LoD
placement and switching.

2. Perception-driven LoD pipeline and toolkit. We intro-
duce a representation-aware LoD rendering pipeline that
integrates the four crowd character representations. For
reproducibility, we also provide practical guidelines and
tools for generating customized LoD assets.

2. Related Work

2.1. Data Representations for Crowd Rendering

Real-time crowd systems have traditionally relied on
rigged, skinned meshes. In production, assets often share a
common rig and topology with per-agent variation in mate-
rials and animation clips; engines pack textures into atlases,
reuse animation via clip sampling and blending, and issue
large instanced draw calls with palette skinning to keep sub-
mission overhead low at scale [3, 16].

Image-based approaches replace geometry with 2D view
samples, thereby decoupling per-agent cost from polygon
count. Early city-scale systems involved the precompu-
tation of atlases over azimuth and animation phases [19].
Later, silhouette errors and texture distortions were reduced
by using 2D polygonal proxies [7], or by animating limb
imposters independently [2]. A recent neural rendering
approach compresses appearance and motion with a CNN
to enable constant-time, view-flexible character rendering
with explicit material/lighting control [13].

Point-based rendering methods trade connected mesh
polygons for point and particle primitives, and can deliver
simple, prefilterable samples that are suitable for animation.
Early works established the use of points as rendering prim-
itives [9] and introduced surface splatting with anisotropic
filters [29]. For animated content, Wand et al. [21] achieved
real-time rendering of complex, moving geometry by build-
ing multi-resolution hierarchies of prefiltered point sets for
keyframed scenes. Ellipsoidal splat formulations extend
this idea by using anisotropic kernels with visibility-aware
rasterization [29]. This precursor to the ellipsoidal kernels
used in modern Gaussian splatting [8] is conceptually akin
to point-based rendering, but with learned or optimized ap-
pearance parameters.

Neural scene representations provide promising new
LoD options beyond polygons and image-based imposters.
For example, Neural Radiance Fields (NeRF) can model
volumetric radiance via a per-ray multilayer perceptron
(MLP) [11]. These are typically converted to explicit or
factorized structures for speedy deployment [25, 12]. Gaus-
sian splatting can also deliver real-time rendering using

anisotropic splats and a fast, visibility-aware renderer [8],
while space–time extensions tackle dynamic scenes and
temporal coherence [24].

2.2. Level of Detail (LoD) for Animated Crowds

LoD rendering for animated crowds may be framed as
the process of choosing the least costly representation per
character that is perceptually adequate for given viewing
conditions. LoD strategies that consider geometry, motion,
materials, and behavior have been proposed, incorporating
hierarchical reductions of skeletons, meshes, and anima-
tion samples to deliver interactive rates at scale. These
approaches exploit batching and instancing, GPU-centric
skinning and shading, animation compression, and visibil-
ity/overdraw control [14, 20, 3, 16].

At larger viewing distances, image-based impostors can
be displayed based on the camera viewpoint and each char-
acter’s animation pose, thus reducing the overall render-
ing cost [19]. The viable viewing distance can be fur-
ther extended by preserving silhouettes using 2D polyg-
onal proxies [7], while per-joint impostors provide more
flexibility for varied animations [2]. Point/particle prox-
ies (and displaced-subdivision variants) have also been pro-
posed and compared with image-based methods [15]. Hy-
brid 2.5D systems, such as Geopostors [4], strive to bal-
ance memory, draw calls, and temporal plausibility . View-
ing distance bands are defined, beyond which geometry is
replaced by impostors, and restored when the camera ap-
proaches. More recently, neural rendering methods for LoD
control have been explored, e.g., by converting NeRF to ex-
plicit or factorized forms for faster evaluation, or via na-
tive, adaptive detail selection in Gaussian avatars and crowd
pipelines [6, 17].

Comparative studies have been conducted to examine the
relative advantages of different LoD crowd character rep-
resentations. McDonnell et al. [10] systematically com-
pared image-based impostors with low-resolution geomet-
ric meshes, with respect to appearance and motion fidelity.
More recently, Sun et al. [18] examined the perceived qual-
ity of 3D Gaussian avatars based on motion, level of de-
tail, and distance. In this paper, we extend this body of
work by comparing the perceived quality of Mesh, Impos-
tor, NeRF, and 3D Gaussian representations of animated
characters across different LoDs and viewing distances.

3. Implementation Methods

3.1. Datasets

We used a Mixamo [1] female character walking for 60
frames and captured each frame from 60 vitual cameras on
a hemispherical rig (3,600 images total; see Figure 2). For
all captures, we store standard pinhole camera intrinsics and
rigid camera poses.



Figure 2. Examples of data.

To support different crowd representations, we construct
representation-specific datasets from this shared capture.
Mesh and impostor assets are derived directly from render-
based captures, while learning-based methods additionally
rely on calibrated multi-view inputs. Table 1 summarizes
the preprocessing steps applied for each representation. We
next describe how this shared dataset is instantiated for each
crowd representation.

Table 1. Data preprocessing steps by representation used in our
implementation pipeline.

Representation Data preprocessing

Mesh 60 cameras × 60 frames render
capture; export LoDs via Blender
Decimate.

Impostor Union–alpha bounding box stabi-
lization; pack 6× 10 sprite sheets
per LoD.

NeRF (Instant-NGP [12]) Camera intrinsics & poses from
COLMAP; graphics convention
export (x right, y up, −z).

3D Gaussian (3DGS [8]) Camera intrinsics & poses from
COLMAP; sparse colored SfM to
initialize splats.

3.2. Mesh

The mesh representation serves as our high-fidelity base-
line, in which the captured character is rendered directly us-
ing standard skinned mesh animation. Our four Mesh LoDs
are generated using Blender’s Decimate modifier. The base
model (L0) and three simplified versions are created by ap-
plying decimation ratios of 1.0, 0.5, 0.25, and 0.125, yield-
ing face counts of 27,048; 18,436; 10,811; and 5,864 re-
spectively. Reducing the polygon count of animated charac-
ters to generate geometric mesh LoDs is a common practice
to improve rendering performance in crowds [3, 5]. Edge-
collapse or “collapse” type decimation (as used in Blender)
provides control over face count reduction while preserving
shape and animation fidelity as shown in Figure 3.

Figure 3. Examples of mesh LoD.

3.3. Impostor

For our second representation, the animated character is
rendered as a precomputed impostor sequence packed into
a 6× 10 sprite sheet per LoD. At the highest level (L0),
each tile consists of 1080×1080 pixels, which matches
the resolution used to render the reference mesh. Each
lower level halves the resolution to 540×540, 270×270,
and 135×135 px (L1–L3). To avoid the per–frame “breath-
ing” and root–motion loss typical of naive per–frame crops,
we first compute a union alpha bounding box over all frames
of the run cycle, crop every frame to that fixed window,
and apply a single global scale per LoD before centering
on a square canvas. The stabilized frames are then packed
column-major into a texture atlas that Blender reads as a
single image. At render time we use an unlit material and
animate UVs over a sprite-sheet atlas: the UVs are cropped
to a single tile and offset at each frame so that the impos-
tor displays one precomputed pose at a time. This work-
flow follows standard impostor practice, replacing distant
geometry by a textured quad while indexing an atlas of an-
imation frames. It is widely used in crowd rendering for
performance, with quality governed by atlas resolution and
sampling order [19]. To match the baked appearance, we fix
the impostor’s pose and world position to the capture setup
and render from the same camera transform and FOV used
during capture.

3.4. NeRF

We implement NeRF as our third representation, using
Instant-NGP, which replaces the original fully connected
NeRF with a multiresolution hash-grid encoding feeding a
compact MLP, substantially reducing training and inference
cost while retaining high visual quality [11, 12]. LoD is
controlled via the hash table capacity and network width:
we fix the number of hash levels L and features per level
F , and from L0 to L3 successively halve the hash capac-
ity (decreasing log2 T by 1 per step) while modestly nar-
rowing the MLP. Exact presets appear in Table 2. For an-
imation, we reconstruct independent NeRFs for each of 60
frames and render them from a shared camera path, yielding
a frame-wise dynamic sequence. To validate that L0 serves
as a suitable upper bound, we evaluated it on 60 held-out
views, obtaining PSNR = 36.18 and SSIM = 0.988, indi-



cating high-fidelity reconstruction quality overall.

3.5. Gaussian Splatting

3D Gaussian Splatting is our fourth representation, with
a visibility-aware rasterizer and anisotropic splats [8]. Fi-
delity is controlled by capping the Gaussian count N . For
large reductions we apply a light opacity prune (α < 0.01).
Our four presets are N={120k, 30k, 7.5k, 1.9k} for L0 to
L3, resp. All LoDs use the same optimization recipe: an
L1+SSIM loss, spherical-harmonic color basis of degree 2,
and Adam optimizer. Each continuation runs for 20k steps.
LoD is applied with a simple count budget and a light opac-
ity prune. This practical setup is compatible with recent ap-
proaches that address aliasing via scale-aware filtering and
reduce model size through learned pruning [26, 28]. As
with NeRF, we optimize a separate 3DGS per frame for 60
frames and render from a common camera, producing the
dynamic sequence. L0 achieves PSNR = 36.69 and SSIM
= 0.991 on 60 held-out views, confirming that our highest-
detail preset provides a strong reference for comparisons.

4. Experimental Design

4.1. User Study

Stimuli. Four representations were displayed: Image-
based Impostors (I), Meshes (M), NeRFs (N), and 3D Gaus-
sians (G). Four levels of detail were created: (L0=100%,
L1=50%, L2=25%, L3=12.5%) and five viewing dis-
tances (D0=100% pixels, D1=80%, D2=60%, D3=40%,
D4=20%). In each trial, the four representations were dis-
played side by side in counterbalanced order. Participants
completed two blocks: a) Video (with motion) and Image
(with no motion).

Figure 4. Example of video stimulus.

Participants and procedure. Twenty-four volunteers
(17 male, 7 female; age 18–60+) completed a brief train-
ing session followed by two trial blocks (Video and Im-
age). The experiment was conducted online via Qualtrics
and was fully anonymous. Participants completed the study
on their own devices (laptops, desktops, or tablets), with re-
ported screen sizes ranging from under 15 inches to over
21 inches. Data from one participant using a mobile de-
vice were excluded to ensure consistent visual presentation.

Figure 5. Video block: mean proportion chosen for each represen-
tation across LoD and Distance (D0–D4). Error bars show ± 1 SE
across participants.

Screen size was recorded at the start of the experiment and
showed no significant effect on perceptual judgments. For
each trial, participants viewed a high-resolution mesh refer-
ence and then chose with one of the four displayed stimuli
most closely matched the high-quality mesh (see Fig. 4).
Trials were randomized, and the positions of the four repre-
sentations were counterbalanced across participants.

Statistical analysis. Choices were analyzed as fully
within–subjects repeated measures with factors Represen-
tation (G, I, M, N), Distance (D0–D4), and LoD (L0–L3),
in both Modes (Image vs. Video). We averaged the repeti-
tions per participant and condition to obtain selection pro-
portions. We fitted an OLS with subject fixed effects and the
full Representation×Distance×LoD×Mode factorial, and
report a Type II ANOVA (Table 3). Because responses are
binary at the trial level, we additionally fitted a trial–level
binomial GLM (logit) with subject fixed effects, and ob-
tained likelihood–ratio omnibus tests by comparing the full
model to hierarchically reduced models (Table 4). Descrip-
tive means (± SE) are shown in Figs. 5.

Results. The ANOVA revealed a strong main effect of
Representation, as well as robust Representation×Distance
and Representation×LoD interactions, The three–way in-
teraction Representation×Distance×LoD was also signifi-
cant. No main effects of Distance, LoD or Mode (Image vs.
Video) were observed and no interactions involving Mode
reached significance (min p = 0.257). The confirmatory
trial–level GLM echoed these patterns with significant om-
nibus LR tests for Representation, Distance, LoD, Repre-
sentation×LoD, LoD×Distance, and the three–way inter-
action (Table 4).



Table 2. Instant-NGP LoD presets. L: hash levels; F : features/level; T = 2log2 hashmap size.

LoD L F log2 T Base res. Density MLP (neurons, layers) Dir. enc. RGB net (neurons, layers)

LoD-0 12 2 18 16 128, 1× SH deg. 4 + Identity 64, 2×
LoD-1 12 2 17 16 64, 1× SH deg. 3 + Identity 32, 2×
LoD-2 12 2 16 16 32, 1× SH deg. 2 + Identity 16, 2×
LoD-3 12 2 15 16 16, 1× SH deg. 1 + Identity 16, 1×

Table 3. ANOVA showing the results of main and interaction effect tests with degrees of freedom, effect sizes (η2) and (p) values. (Common
denominator df for the OLS Type II ANOVA is 3657.)

Effect Tested dof F-Test η2 p
Representation 3 177.52 0.127 < 0.001
Representation × Distance 12 8.53 0.027 < 0.001
Representation × LoD 9 33.16 0.075 < 0.001
Representation × Mode 3 1.08 0.001 0.356
Representation × Distance × LoD 36 2.26 0.022 < 0.001
Representation × Distance × Mode 12 0.36 0.001 0.976
Representation × LoD × Mode 9 0.90 0.002 0.527
Representation × Distance × LoD × Mode 36 1.14 0.011 0.257

Table 4. Omnibus likelihood–ratio (LR) tests from the trial–level
binomial GLM with subject fixed effects.

Effect LR df p

Representation 1089.30 139 < 0.001
Distance 275.81 140 < 0.001
LoD 418.92 136 < 0.001
Mode 66.02 80 0.869
Representation × Distance 61.83 76 0.880
Representation × LoD 418.92 121 < 0.001
Representation × Mode 66.02 79 0.851
LoD × Distance 152.80 124 0.040
Representation × LoD × Distance 150.97 112 0.008

Discussion. Perceived fidelity is seen to depend on
a combination of Representation, viewing Distance, and
LoD. As expected, Mesh is most preferred at high detail and
near distances, whereas Gaussians become increasingly in-
distinguishable from the Mesh as detail decreases and/or
viewing distance increases. Both the omnibus ANOVA and
the confirmatory GLM reveal strong effects of Representa-
tion, clear interactions with LoD, and a significant three-
way interaction, whereas no significant main or interaction
effect was found for Mode (Image vs. Video).

4.2. Quantitative Experiments

4.2.1 Visual Comparison

Image fidelity is calculated using an evaluation view cam-
era that combines poses matching the user-study setup but
is excluded from NeRF/3DGS training. For each LoD and
representation, we compare with the Mesh reference in the
same pose using PSNR, SSIM and LPIPS [23, 22, 27]. Ta-
ble 5 reports metrics across LoDs; higher PSNR/SSIM and

lower LPIPS indicate closer agreement with the Mesh base-
line.

Summary. At L0, both 3D Gaussians and NeRF closely
match the Mesh (Gaussians: 36.69 dB / 0.991 / 0.013;
NeRF: 36.18 dB / 0.988 / 0.019 for PSNR / SSIM /
LPIPS). With decreasing LoD, NeRF degrades smoothly in
PSNR while maintaining high SSIM and low LPIPS; Gaus-
sians show a larger PSNR drop but remain competitive on
SSIM/LPIPS through mid LoDs. Impostors exhibit high
SSIM and very low LPIPS at the matched view, despite
lower PSNR, consistent with view-aligned textures that pre-
serve structure but lack 3D parallax. Overall, frame-based
metrics indicate that neural fields (NeRF/3DGS) are clos-
est to Mesh at high detail, while impostors can appear per-
ceptually similar at single views even with lower pixel-wise
fidelity.

Table 5. Image Similarity at Evaluation View.

Rep. LoD PSNR ↑ SSIM ↑ LPIPS ↓

NeRF L0 36.18 0.988 0.019
L1 35.08 0.984 0.022
L2 33.25 0.977 0.030
L3 28.09 0.954 0.052

3DGS L0 36.69 0.991 0.013
L1 24.76 0.961 0.029
L2 24.52 0.954 0.045
L3 24.01 0.938 0.090

Impostor L0 23.95 0.965 0.006
L1 23.40 0.970 0.010
L2 21.35 0.970 0.017
L3 19.40 0.971 0.030



Table 6. On-disk asset size and offline per-frame training time by representation and LoD. Training time is reported for learning-based
methods only (20k steps on RTX 4090).

Representation LoD0 LoD1 LoD2 LoD3

Size Train Size Train Size Train Size Train

NeRF (Instant-NGP) 21.2 MB ∼240 s 17.0 MB ∼207 s 15.5 MB ∼214 s 14.0 MB ∼205 s
3D Gaussian (3DGS) 19.0 MB ∼320 s 8.00 MB ∼122 s 2.00 MB ∼78 s 0.768 MB ∼58 s
Impostor 328 KB — 100 KB — 32.0 KB — 12.0 KB —
Mesh 5.19 MB — 4.37 MB — 3.86 MB — 3.50 MB —

4.2.2 Memory Usage and Training Time

We quantify deployment memory as the on-disk size
of the exact LoD assets used in the study. This metric
is engine-agnostic and comparable across heterogeneous
toolchains.

Table 6 reports the footprint per representation and LoD.
The entries correspond to (i) Mesh: the rigged mesh pack-
age (geometry, armature, and textures), (ii) Impostor: bill-
board atlas images, (iii) 3D Gaussian: optimized Gaussian
caches, and (iv) NeRF: trained model snapshots.

For learning-based representations, we additionally re-
port the offline training time required to generate each LoD
asset. This cost reflects authoring and preprocessing over-
head and is incurred prior to deployment, with no impact on
runtime performance. Training time is reported per frame.
Traditional representations (meshes and impostors) do not
require learning-based optimization and therefore have no
associated training cost.

Summary. Deployment footprint varies significantly by
representation. Impostors are the most memory-efficient
by a wide margin and scale down aggressively with decreas-
ing LoD, while also incurring no learning-based training
cost. 3D Gaussian representations exhibit strong compress-
ibility across LoDs, offering a tunable volumetric alterna-
tive that requires substantially less memory than meshes at
lower LoDs, at the expense of offline training time that de-
creases with representation complexity. In contrast, Mesh
assets yield only modest memory savings under simplifi-
cation, reflecting constraints imposed by geometry and rig
data, but benefit from the absence of training overhead.
NeRFs require the largest deployment footprint across
all LoDs and achieve comparatively smaller proportional
memory reductions, while also incurring consistent offline
training costs per LoD. Overall, these results highlight dis-
tinct trade-offs between memory efficiency and authoring
cost across representations, which are critical to consider
when designing perceptually optimized LoD strategies for
animated crowds.

5. Conclusions and Future Work

Our results show that perceived similarity to a mesh
ground truth is driven primarily by a character’s Represen-
tation and its interactions with Distance and LoD, and does
not appear to be affected by the presence or absence of mo-
tion.

Based on these results, we propose the following practi-
cal guidelines: Impostors are the cheapest and most scal-
able choice for far/low-detail rendering (i.e., minimal ge-
ometry cost and excellent batching at distance), although
flexibility is sacrificed for large precomputed atlases and
limited animation blending. 3D Gaussians become increas-
ingly indistinguishable from meshes as pixel density drops
or detail is reduced, thus offering a strong mid-to-high LoD
alternative with real-time rendering. Geometric Meshes re-
tain a clear advantage at nearer views and higher detail,
but for further distances, more efficient representations are
highly competitive.

Our findings have direct implications for immersive and
virtual reality applications, where perceptually informed
LoD selection can help balance visual realism and perfor-
mance in crowd-populated environments, contributing to
stable frame rates and user comfort. We conclude by out-
lining directions for future work.

Beyond appearance: motion, dynamics, and general-
ization. To enable a controlled comparison, our study fo-
cuses on visual appearance using a single character, fixed
lighting, and a simple animation. Within this setting, mo-
tion does not significantly affect perceived similarity across
representations. An interesting direction for future work is
to extend this evaluation to richer motion patterns, diverse
character appearances and lighting conditions, and physical
interactions such as clothing dynamics and inter-agent con-
tact. Longer sequences and more dynamic scenarios may
further reveal how perceptual trends observed here carry
over to increasingly complex crowd settings, and motivate
the exploration of temporally consistent and dynamic neural
rendering approaches.



Runtime performance and system-level evaluation.
While this work emphasizes perceptual quality and asset-
level efficiency, end-to-end runtime performance remains
a critical factor for real-time deployment and depends on
hardware, renderer implementation, and system-level op-
timizations. Future work should incorporate standard-
ized performance benchmarks to more explicitly quantify
the trade-offs between perceptual fidelity and rendering
throughput in practical deployment scenarios.

In summary, we present a unified perceptual evaluation
of Mesh, Impostor, NeRF, and 3D Gaussian representations
and provide practical guidance for managing LoD in crowd
rendering systems. Our results and accompanying pipeline
offer a foundation for designing perceptually driven crowd
representations that scale effectively across viewing condi-
tions.
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