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Figure 1. Qualitative and quantitative comparison of Gaussian Splatting methods on text reconstruction at 7K iterations. Left: On a novel
view from the Shelf dataset that features library books on a shelf, our approach STRinGS (bottom) produces sharper and readable text
as compared to vanilla 3DGS (top). Right: We quantify text reconstruction using Character Error Rate (CER) used in Optical Character
Recognition (OCR). The accompanying scatter plot presents readability (CER, lower is better) vs. training time. STRinGS achieves the

best performance both in terms of lowest error and fastest training time.

Abstract

Text as signs, labels, or instructions is a critical element
of real-world scenes as they can convey important contex-
tual information. 3D representations such as 3D Gaussian
Splatting (3DGS) struggle to preserve fine-grained text de-
tails, while achieving high visual fidelity. Small errors in
textual element reconstruction can lead to significant se-
mantic loss. We propose STRinGS, a text-aware, selective
refinement framework to address this issue for 3DGS re-
construction. Our method treats text and non-text regions
separately, refining text regions first and merging them with
non-text regions later for full-scene optimization. STRinGS
produces sharp, readable text even in challenging configu-
rations. We introduce a text readability measure OCR Char-
acter Error Rate (CER) to evaluate the efficacy on text re-
gions. STRinGS results in a 63.6% relative improvement
over 3DGS at just 7K iterations. We also introduce a cu-
rated dataset STRinGS-360 with diverse text scenarios to
evaluate text readability in 3D reconstruction. Our method
and dataset together push the boundaries of 3D scene un-
derstanding in text-rich environments, paving the way for
more robust text-aware reconstruction methods.

*Equal contribution

1. Introduction

Capturing 3D scenes from multi-view images for recon-
struction and novel view generation is an important prob-
lem with applications in mixed reality, robotics, entertain-
ment, archaeology and beyond. Early methods that used ex-
plicit geometry [22] were tedious. After this, neural scene
representations such as NeRF (Neural Radiance Fields)
and its variants [2, 20, 21] dominated the field. More re-
cently, 3D Gaussian Splatting (3DGS) [14] was proposed
that uses a geometry-neural hybrid representation. 3DGS
also achieved real-time novel-view rendering with state-of-
the-art visual fidelity.

3DGS represents scenes using 3D Gaussians and pro-
gressively optimizes them, using a coarse-to-fine strategy.
This strategy often struggles with high-frequency details
such as in fine textured regions and text present in the scene.
In particular, many real-world scenes contain text in differ-
ent ways that are useful for downstream applications. For
example, in autonomous navigation, text is essential for in-
terpreting road signs and waypoint recognition, while in
VR, clear text improves user experience, and in robotics,
it aids object identification and manipulation. Fig. | (top)
shows the low quality of text reconstructed using 3DGS.
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Can 3DGS be given a pair of reading glasses to enhanceanisotropic 3D Gaussians to represent 3D scenes that enable
visual quality and readability of text regions in the scene? fast differentiable rasterization. However, 3DGS struggles
We address this problem in this paper. We present Selecto preserve high-frequency details, as the coarse-to- ne op-
tive Text Re nement in Gaussian Splatting (STRInGS), a timization favors global delity over local structure.

novel framework for improving text readability in 3DGS 3pgs improvements. Recent works extend 3DGS to im-
reconstructions. Prior related approaches attempted t0 enprove overall scene reconstruction quality and address these
hance high-frequency regions [6, 31] orimprove texture de- |imitations. Mip-Splatting [32] tackles aliasing and scale
tail [4, 23, 29]. STRInGS identi es text regions and selec- nconsistencies by introducing lters that make 3DGS more
tively re nes them following a two-phase strategy (Sec. 4): ygpust across zoom levels. 3DGS-MCMC [15] introduces a
(i) Phase 1 i_';olates text regions and selectively reconstructgamp"ng_based formulation to improve Gaussian initializa-
them; and (ii) Phase 2 performs a global scene re nementijon ' while AbsGS [31] addresses the over-reconstruction
that maintains background delity while preserving im- o ne structures by revising the gradient-based densi ca-
proved text quality. _ tion strategy. Mini-Splatting [7, 8] proposes guided den-
Standard 3D reconstruction datasets [1, 10, 13, 17, 18]s; cation and simpli cation pipelines that maintain scene
contain sparse or no text, limiting their use for evalu- gelity with fewer primitives. Ef cient Density Control
ating our approach. We introduce STRInGS-360, a cu- (EpC) [6] is a plug-and-play module that enhances various
rated dataset ofve text-rich 3D scenes (Sec. 3) to ad- 3pGsS variants [7, 19, 31] by incorporating targeted pruning
d_ress this. Traditional ima}ge dglity based evaluation met- 5 splitting operations to improve scene delity and ef -
rics (6.9 PSNR) are also insuf cient to evaluate text read- cijency. Several other approaches densify Gaussians across
ability. We introduce OCR Character Error Rate (OCR- the scene based on visibility, reconstruction error, or color

CER) as a text readability measure to compare rendered and,es to improve delity in detail-rich areas [3, 16, 24, 34].
ground-truth images using a standard Optical Character Re-E tensi to texture. To add the limited ivit
congizer [5]. STRINGS achieves an average of 23.0% rel- XIensions 1o texture. 10 address the fimited expressivity

ative improvement in OCR-CER over standard 3DGS [14 of standard Gaussiangxture-based extensiomsve also

at 30K iterations and 63.6% relative improvement in O([ZR! e_merged. _GSTex [23] and HDGS [27] augment 2D Gaus-

CER at 7K training iterations. Fig. 1 shows the qualitative stan sp!atypg [11] by attaching learnable texture maps to

and quantitative improvement in text readability for a novel each prlm_ltlve. Tgxture-GS [29)and Tgxtured Gagssmns [4]

view at 7K iterations of training with STRINGS. extend this paradigm to 3DGS, enabling better disentangle-
The key contributions of our work are given below. ment of geomeiry and appearance. Textured-GS [12] fur-

1. We propose STRInGS, the rst framework for explicit tr;err_ﬁnr;z(i)?ges t(;us W't.:] sg_r:linca:j réarlmttt)_nlcszg)r spatially-
text re nementin 3DGS, enabling accurate and readable V&Y'NY rant ?pam Y- It ct)ar d pla ng [. .]t.proposﬁes
text in rendered novel views. a new representation using textured planar primitives, offer-

2. We introduce STRINGS-360, a curated benchmark toing improved quality at the cost of increased training time.
evaluate 3D reconstruction methods on text-rich scenesSTRINGS focuses on text. While these works enhance
and propose OCR-CER to quantify text readability. overall visual delity, they do not explicitly target seman-

3. We demonstrate that STRINGS enables superior texttic regions such as text, which are vital for downstream
readability without compromising image quality com- applications. In contrast, our method introduces selective
pared to existing high-frequency enhancement or den-re nement for text regions in 3DGS. By decoupling the op-
si cation strategies. Furthermore, this is achieved in timization of text and non-text regions, STRINGS achieves
early stages of training, a critical requirement for time- sharper and more readable textual content with fewer train-
constrained applications. ing iterations and without degrading overall scene quality.

2. Related Work 3. STRINGS-360 Dataset

Traditional 3D reconstruction uses Structure-from-Motion Existing 3D scene datasets often lack semantically mean-
(SfM) [25] and Multi-View Stereo (MVS) [26] pipelines  ingful text, i.e., text that provides information relevant to
to recover camera poses and sparse point clouds from inthe scene, on foreground objects. When present, text is typ-
put images. Neural Radiance Fields (NeRFs) [9, 20] from ically sparse and relegated to the background, making these
the last few years are a paradigm shift as they representlatasets unsuitable for evaluating methods that target text-
scenes as volumetric elds using MLPs, enabling photo- speci c re nement. Moreover, datasets such as DL3DV-
realistic novel view synthesis at the cost of slow train- 10K Benchmark [18] offer only at or panned views rather
ing. While methods like Instant-NGP [21] improve ren- than full 360° coverage, restricting the ability to assess text
dering speed, real-time rendering remains challenging. 3Dreconstruction across diverse viewpoints.

Gaussian Splatting (3DGS) [14] addresses this by adopting To address these limitations, we introduce STRInGS-



Algorithm 1: Text Segmentation in 3D
Input: Point cloudP ; camera intrinsicK ; camera
pose<C; text maskdM ; visibility setsV;
visibility threshold
Output: Prext; Pnon-text

Ptext ;
for each point?; 2 P, wherei =1 tom do
count O

for each image indeik 2 V; do
/I Perspective Projection

Figure 2. Overview of the scenes in our STRINGS-360 dataset. Ujj (K;Cj; Pi)
Each scene contains semantically meaningful text elements: if |\/|j (Uij ) =1 then
(A) Extinguisher, (B) Books, (C) Chemicals, (D) Globe, and [ count count+1

(E) Shelf. The dataset is designed to evaluate text reconstruction

performance under diverse layouts and text orientations. if count then

L Ptext P text[f Pig
360, a curated dataset ofe indoor scenes designed P;on—text PNP tox

to benchmark text readability in 3D Gaussian Splatting  Return Prext; Pron-text

(Fig. 2). Each scene centers on a single or a set of object(s)
containing dense, semantically meaningful text exhibiting
several challenges. AExtinguisherfeatures instructional
text on a curved cylindrical surface; Bookscontains at,
densely packed book titles with author names;CBemi-
calspresents chemical compositions on labeled bottles in a
laboratory shelf; DGlobeincludes geographical names on
a spherical surface; and Bhelf shows stacks of academic
books in a structured and sometimes occluded setting, with4 2 Text Segmentation in 3D

repeated titles commonly found in libraries. These scenesT bi o Deli
span at, cylindrical, and spherical con gurations and of- 10 €nable text-aware reconstruction in our pipeline, we rst

fer a diverse and realistic benchmark for evaluating ne- 'dentify the subset of 3D points that correspond to text re-

grained textual delity in 3D reconstructions. gions in the scene. This is done by projecting each 3D point
(from COLMAP) into all images where it is visible, and

4. STRINGS Methodology checking whether its 2D projection falls inside the corre-
sponding Hi-SAM text mask. A point is classi ed as a text
We present an overview of STRInGS in Fig. 3. We begin point if it lies within the text region in at leastimages. In
with preprocessing: SfM and text segmentation (Sec. 4.1)our method, we set the visibility threshold= 1. The set
followed by segmenting text regions in 3D (Sec. 4.2). Next, of text pointsis denoted aPex P , and its complement
we propose our two-phase optimization that selectively re- asPon.text= P N Piex. The pseudo-code for this process is
nes text regions (Sec. 4.3) followed by integration with provided in Algorithm 1.
non-text regions and full scene optimization (Sec. 4.4). The Gaussians used in 3DGS are initialized directly from
the sparse point cloud, with each point providing the 3D
location (x;y;z) of a Gaussian. Leveraging the text/non-
COLMAP SfM. Givenn input imaged = flq;:::;1,g  text partitioning from above, we de Nex and Guon-text
of a static scene captured from different viewpoints, 3DGS as the initial sets of Gaussians correspondin{g; and
begins by extracting geometric information required for ini- Pnon-texre€spectively. These subsets serve as the basis of our
tialization. Speci cally, we obtain a sparse 3D point cloud two-phase training strategy described next.

4.3. Phase 1: Selective Text Reconstruction

sicsK using the COLMAP pipeline [25, 26]. Addition- We start GS training using the text Gaussiéng, obtained
ally, for each pointP;, COLMAP provides a visibility set  through the 3D text segmentation process above. This phase
Vi f 1;:::;ngindexing the subset of images in which the runs forT; iterations (3K), and optimization is performed

in the undistorted images output by COLMAP, we em-
ploy Hi-SAM [30], a model capable of segmenting text
at multiple scales and orientations. We refer to the bi-
nary mask for image; asM;, and the set of all masks

4.1. Preprocessing

ity setsas/ = fVi;:::;Ving. Densi cation of text Gaussians. Since the initialization
Text segmentation.To identify and isolate textual regions is based on a sparse point cloud, high-frequency structures
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