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Abstract—This letter presents a new visual localization frame-4
work for complex indoor environments under dynamic scene5
change conditions. Conventional visual localization methods often6
struggle to maintain accuracy and robustness in such environ-7
ments, where frequent scene changes, occlusions, diverse object8
categories, and intricate scene structures significantly affect feature9
consistency and matching reliability. These challenges highlight10
the need for a more adaptive and semantically aware localization11
approach. By proposing an algorithm that integrates semantic12
information with a Gaussian map as input, the method enhances the13
algorithm’s environmental awareness. This allows robust objects to14
be identified and extracted, thereby improving feature extraction15
performance and consequently enhancing pose estimation preci-16
sion. Furthermore, a new coarse-to-fine matching strategy has been17
developed that takes an overview of the Gaussian map, from which18
suitable viewpoints are generated to produce the best matching19
images. Rendered images produced from the Gaussian map are20
employed in subsequent stages to improve comparison effective-21
ness, thereby enabling the determination of the most accurate22
camera pose. Finally, the capability of the proposed methodology23
is confirmed through experiments on different types of datasets.24

Index Terms—Visual localization, gaussian splatting, place25
recognition.26

I. INTRODUCTION27

NOWADAYS, autonomous navigation has advanced signif-28

icantly in the field of mobile robotics [1], where many29

challenging indoor tasks require high accuracy of robot tra-30

jectory and system stability. Accordingly, the capability to de-31

termine a robot’s position with high precision is essential for32

the effectiveness of autonomous robotic operations. To track33

the location of the robots, visual localization emerges as a34

promising and robust solution for indoor applications. One of the35

effective approaches in vision-based methods is image retrieval36

techniques. A query image is compared against a pre-provided37

database of images with known poses, allowing the estimation38

of the camera position that captured the query image. A repre-39

sentative image retrieval technique is Absolute Pose Regression40
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(APR), which employs deep neural networks to directly estimate 41

the camera position from input images. A notable method is 42

Marepo [2], which divides the training network into two parts: 43

one for image feature extraction and the other for learning 44

the relationship between the image and the camera pose. This 45

modular design allows for better supervision over each com- 46

ponent. As a result, the system avoids excessive storage and 47

processing of information, thereby reducing its dependency on 48

the scale of the environment. However, the extracted features 49

are employed exclusively to learn the relationship between 50

images and their corresponding camera poses, rather than being 51

utilized as structural information for geometric reasoning about 52

the scene. Thus, the algorithm lacks geometric awareness of 53

the environment, which adversely affects the accuracy of pose 54

estimation. Furthermore, its dependency on the training process 55

makes the method prone to significant performance degradation 56

when applied to complex indoor environments characterized by 57

large spatial layouts, intricate structural compositions, diverse 58

object types, and dynamic scene variations. 59

A structure-based localization method is Scene Coordinate 60

Regression (SCR), which leverages the geometric structure of 61

the environment for localization. This approach enables more 62

accurate pose estimation compared to APR methods. A typical 63

method of SCR is ACE [3], which designs a Convolutional 64

Neural Network (CNN) to extract features and represent an 65

implicit map. This allows for establishing 2D-3D correspon- 66

dences between the query image and the implicit map. The 67

enhanced understanding of the environment’s geometry through 68

the implicit map has contributed to improved localization ac- 69

curacy. Nevertheless, the performance of the method depends 70

heavily on the training dataset for each scene, resulting in 71

limited generalization capability. Moreover, relying solely on 72

the geometric structure of the environment is insufficient, par- 73

ticularly in complex indoor settings, where the diversity of scene 74

composition can significantly affect the performance of feature 75

extraction models due to the inherent limitations of the training 76

dataset and CNN capacity. These factors collectively hinder the 77

algorithm’s ability to achieve accurate pose estimation under 78

complex environmental conditions. 79

Furthermore, with the emergence of rendering techniques 80

such as NeRF [4], several localization methods have integrated 81

them to refine the output pose, including pNeRFLoc [5] and 82

Crossfire [6]. These NeRF-based algorithms employ either APR 83

or SCR methods to generate a coarse pose for the query image. 84

Then, an iterative loop is subsequently applied, combining pose 85

evaluation techniques with NeRF-based rendering to refine the 86

initial pose and produce a more accurate final result. The inte- 87

gration of NeRF-based maps, which enrich the representation of 88

appearance information from the environment, leads to theoret- 89

ical improvements in localization performance over traditional 90
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SCR and APR approaches. Despite the refinement process, using91

APR or SCR as initial inputs leaves unresolved issues related to92

limited generalization and suboptimal performance in complex93

indoor environments.94

Although NeRF-based rendering enables the generation of95

novel-view images, it is a technique that is susceptible to noise96

and sensitive to environmental lighting conditions, which results97

in inconsistent image quality. Besides, the rendering process of98

NeRF requires substantial computational resources, limiting its99

applicability in localization tasks. A recently developed render-100

ing technique, Gaussian Splatting (GS) [7], has demonstrated101

significant improvements in rendered image quality compared to102

NeRF. The method encodes the map as modeled 3D Gaussians,103

enabling optimization and rendering processes to be executed104

directly on this compact Gaussian mode. Representative GS-105

based methods, such as GS-CPR [8], STDLoc [9], iComMa106

[10], and SplatLoc [11], have effectively leveraged the advan-107

tages of GS within their algorithms. In particular, by utilizing108

high-quality rendered images for localization feature extraction,109

these approaches have demonstrated a significant improvement110

in pose estimation performance compared to NeRF-based meth-111

ods. Thus, the substitution of NeRF with GS can be viewed as112

a promising direction for enhancing localization frameworks.113

However, issues related to generalization and handling complex114

environments remain unresolved when relying solely on GS.115

Motivated by the aforementioned problems, the objective of116

this letter is to develop a robust framework for the complex117

indoor environment. In this study, a novel visual localization118

technique relied on an effective combination of Gaussian maps119

with semantic information and a new robust coarse-to-fine120

matching technique. The main contributions of this work are121

summarized as follows:122
� This work presents a visual localization framework that in-123

tegrates semantic information and employs GS techniques124

to enhance environmental awareness. By utilizing semantic125

information, the algorithm can avoid relying on training126

models, enabling more general applicability and effective127

operation in complex environments.128
� A robust coarse-to-fine matching strategy has been devel-129

oped to enhance the preliminary pose estimation of the ref-130

erence database. This approach enables the identification131

and selection of optimal viewpoints for rendering images132

that closely correspond to the query image, which in turn133

significantly enhances the accuracy and robustness of the134

localization model.135
� The performance of the proposed pipeline is thoroughly136

investigated on different datasets of complex indoor en-137

vironments, ranging from simple to complicated scenes.138

The results demonstrate superior performance compared139

to state-of-the-art (SOTA) methods.140

The rest of this article is organized as follows; Section II141

provides an overview of the pipeline; Section III details the pre-142

processing module; Section IV describes the place recognition143

module; Section V discusses the alignment module. The exper-144

imental results are presented in Section VI. Finally, Section VII145

concludes the article.146

II. OVERVIEW147

This section presents the visual localization pipeline, which148

takes input from a current query image and a set of pre-provided149

RGB images in complex indoor environments. However, it is dif-150

ficult to achieve high-accuracy localization in such complicated151

Fig. 1. Proposed framework.

scenes. An innovative solution is to classify and identify robust 152

objects to enhance the perception of surrounding spaces. The 153

Gaussian map is applied to augment the understanding of the 154

geometry and appearance of the observed area. Additionally, 155

semantic information is integrated into the Gaussian map to 156

prioritize objects that are distinctive, stable, and exhibit minimal 157

change over time. Then, a large language model (LLM) [12] 158

is employed to perceive the scene context. Based on this, a 159

robust Gaussian submap is established to estimate the initial 160

position of the query image. This serves as the first step of the 161

place recognition module. By leveraging the continuous scene 162

representation capability of GS [7], a coarse-to-fine matching 163

strategy is designed to generate a preliminary pose for the query 164

image. Finally, the pose refinement process executes an iterative 165

loop of position estimation using the Perspective-n-Point (PnP) 166

algorithm [13], combined with image rendering from the Gaus- 167

sian map. This loop minimizes the error between the predicted 168

and actual poses, resulting in a final pose with high accuracy. 169

The algorithm flowchart is illustrated in Fig. 1. 170

III. PREPROCESSING MODULE 171

The preprocessing module constructs a Gaussian object-level 172

environmental map to enhance contextual understanding by 173

integrating both geometric and semantic information. 174

The Open-Gaussian algorithm [14] is utilized to generate a 175

Gaussian semantic map from the provided RGB images. This 176

map represents the scene as a collection of 3D GSs. 177

The object-level map is built to enable efficient retrieval of 178

semantic information from the Gaussian map. The GSs are 179

clustered by spatial and semantic similarity to form a Gaussian 180

object-level map, represented by the following equation: 181

Mo = {oj} (1)

where oj = (Go
k|k ∈ Cj) is the object jth constructed by cor- 182

responding GSs Go
k; Cj represents the index set of Gaussians 183

associated with a specific object jth. 184

IV. PLACE RECOGNITION MODULE 185

A. Build Robust Map 186

As previously mentioned, complex indoor environments con- 187

tain diverse objects, repetitive structures, and dynamic changes, 188

which can degrade visual localization if objects are uniden- 189

tified or unclassified. Therefore, a robust map is created to 190

recover stable objects. Given a query image, the LLM [12] 191

interprets the environment and identify stable objects within it. 192

The resulting semantic information is then incorporated into 193

the Gaussian object-level map to retrieve the corresponding 3D 194

objects, thereby forming a robust map representation. 195

A list of robust objects from the query image is obtained 196

based on contextual information processed by the LLM through 197
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Fig. 2. Robust map is created based on the Gaussian object-level map and the
query image.

a prompt-based setup. Using this list, the object-level map is198

queried to identify and extract the corresponding robust 3D199

objects with the support from CLIP [15], thereby constructing200

a robust submap. The process of developing the robust map is201

illustrated in Fig. 2 for better visualization.202

B. Coarse-to-Fine Matching203

The robust map provides the query’s scene location, but this204

alone is insufficient for the PR module to estimate its preliminary205

pose. Traditional image-based localization, which relies on 2D206

feature matching, often fails in complex environments due to207

limited scene understanding. To address this, the GS rendering is208

utilized to generate reference images from the location indicated209

by the robust map. These are then compared with the query210

to estimate the preliminary pose. A coarse-to-fine matching211

strategy is introduced to improve both computational efficiency212

and output quality.213

In the coarse matching phase, overview-shot and viewpoint214

filtering are designed to create viewpoints for GS rendering. The215

reference images produced by these steps are then compared216

with the query image to obtain the best coarse match.217

In the fine matching phase, view enhancement refines the218

viewpoint based on the coarse best match to produce a new set219

of reference images that closely approximate the query image.220

C. Coarse-to-Fine: Coarse-Overview Shot221

The overview shot step generates evenly distributed view-222

points around the robust map to identify the direction of the223

view closest to the query image’s pose.224

To achieve the distributed viewpoints, a spherical observation225

model is made to cover around the robust map. This model is226

expressed as follows:227

Sphere = (Ω, r) (2)

in this context, Ω = (|γ|)−1 ∑μγ is the center coordinate of the228

sphere; r = max ‖μγ − Ω‖+ δ is the radius of the sphere; γ is229

the index value of GSs belong to robust map; μγ ∈ R3 is the230

mean of GSs belong to robust map; δ ∈ R is a small offset.231

To obtain a set of uniformly distributed viewpoints on the232

sphere, the Fibonacci sphere method [16] is employed. The ren-233

dering reference images derive from these viewpoints. In order234

to minimize operational resources, the number of viewpoints235

is adjusted to a sparsified value, while remaining sufficiently236

dense to identify a view direction that closely aligns with the237

query image’s pose.238

Remark 1: When the 3D GS map quality is degraded, fea-239

tures extracted from rendered images may be unreliable, re-240

ducing pose estimation accuracy. Observing the map through241

an overview shot helps identify viewpoints closer to the query,242

enabling more accurate feature extraction and mitigating map243

quality issues. This step significantly improves the algorithm’s244

robustness.245

Fig. 3. Process of filtering outlier viewpoints.

D. Coarse-to-Fine: Coarse-Viewpoint Filtering 246

The coarse-overview shot generates viewpoints around the 247

robust map, but some are misaligned or even opposite to the 248

pre-provided poses, producing low-quality rendered images. 249

Therefore, a viewpoint filtering method is developed to remove 250

such outlier viewpoints, ensuring stable rendering quality. View- 251

points that violate map boundaries, such as the ground plane or 252

spatial perimeter, are excluded based on boundary constraints to 253

maintain the reliability of the analysis process. 254

Semantic ground information is extracted from the object- 255

level map to estimate the ground plane. The map is then projected 256

onto the ground plane to form a 2D representation, where the 257

Alpha Shape [17] and Ramer–Douglas–Peucker (RDP) [18] 258

algorithms are applied to identify and simplify boundary points, 259

resulting in an enclosing polygon. This ground plane and the 260

derived polygon are used to filter out inappropriate viewpoints 261

through spatial vector orientation analysis. The process effec- 262

tively eliminates viewpoints located outside the map domain or 263

below the ground plane. Fig. 3 illustrates the detailed process of 264

filtering outlier viewpoints. 265

The polygon filter is formulated as follows: 266

∂ : (Fvx
− ψx)N∂x

+ (Fvy − ψy)N∂y
+ (Fvz

− ψz)N∂z
< 0

∀A ∈ P : (Fvx
− ρx)NAx

+ (Fvy
− ρy)NAy

< 0
(3)

where ∂ ∈ R3 is the ground plane; N∂ is the normal vector 267

perpendicular with plane ∂; ψ is the center of the plane ∂; P is 268

polygon; A ∈ R2 is edge of polygon; Fv ∈ R2 is the viewpoint 269

coordinate; ρ ∈ R2 is midpoint of edge A; NA is the normal 270

vector perpendicular with edge A. 271

E. Coarse-to-Fine: Coarse-Correspondence Comparison 272

The correspondence comparison follows query-driven visual 273

localization principles using extracted image features. Two types 274

of features are used to determine similarity: local and global 275

features. ALIKE [19], trained on large-scale datasets, provides 276

robust local feature detection across diverse environments, ex- 277

tracting numerous features from both reference and query RGB 278

images. To match these features accurately and efficiently, Light- 279

Glue [20] is employed, offering high-speed feature matching 280

while preserving accuracy. 281

After matching, corresponding 2D keypoints are identified 282

and used to compute a local feature similarity score based on 283

the number of reliable matches. Although ALIKE is trained 284

on large-scale datasets, it can still extract unstable features in 285

complex scenes, leading to errors. To address this, a robust 286
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Fig. 4. Viewpoint enhancement process.

masking strategy removes low-confidence features, enhancing287

the reliability of the results.288

In the robust map construction stage, robust information289

is reused to guide segmentation using Fast-SAM [21] which290

generates a robust mask for the query image. Matched key291

points are then classified as reliable or unreliable based on their292

position within this mask, with those in robust regions given293

higher weights to strengthen the impact of reliable features in294

computing local feature similarity.295

The score for the local feature is calculated by:296

Lε =

nε∑
κ=1

wκwherewκ =

{
win = 2
wout = 1

(4)

in this context, nε ∈ N is the total number of matching point297

pairs; Lε ∈ N is the local features; wκ is the weight of each κth298

matching pair; win and wout indicate the matching point is in299

the mask region or not, respectively.300

Local features capture regional similarities between image301

pairs but can become ambiguous in complex scenes with many302

candidates. Thus, global feature matching is also incorporated303

to provide a more holistic image representation and improve304

overall matching accuracy.305

Features from the last layer of ALIKE’s backbone are ex-306

tracted as global descriptors, and their similarity is assessed307

using the cosine method. Then, the similarity score for each308

image pair is computed as follows:309

Scoreε = α
Lε

argmax (L)
+ (1− α)

Hε

argmax (H)
(5)

where Lε ∈ N is the score of local features in (4); Hε ∈ R is310

the score of the global features; α ∈ (0; 1) is the gain value.311

The best matching pair is the one with the highest score, from312

which the initial pose of the query image is obtained.313

F. Coarse-to-Fine: Fine-Viewpoint Enhancement314

From the coarse matching stage, the best matching pair is315

identified to estimate the query image’s initial pose. However,316

since reference images are rendered from sparsely distributed317

viewpoints around the robust map, the best match may still318

differ from the query pose, causing errors in later stages. The319

fine matching stage refines this pose by generating additional320

reference images from viewpoints near the initial estimate,321

increasing visual similarity to the query and improving overall322

matching accuracy.323

To perform this refinement, new viewpoints are distributed324

around the initial pose estimate, forming a hemispherical pat-325

tern using the Fibonacci sphere algorithm [16]. This approach326

resembles the overview shot strategy but uses denser sampling327

within a smaller spatial region. Reference images rendered from328

these viewpoints are then compared with the query to estimate 329

the refined pose, as illustrated in Fig. 4. 330

V. ALIGNMENT MODULE 331

In this section, an alignment module is introduced to perform 332

the final refinement of the preliminary pose, ultimately produc- 333

ing the final pose for the query image. 334

The alignment process is an iterative loop involving pose 335

estimation using the PnP algorithm [13] and environmental 336

information obtained from rendered images of the GS map. 337

Firstly, the 2D points on the best match rendered image are 338

projected back to 3D space using the depth image: 339

Xκ = Rcoarse
−1.

(
D (χκ) .K

−1.[χκ 1]
T − τcoarse

)
(6)

where Xκ ∈ R3 represents the 3D coordinate corresponding to 340

the 2D pixel χκ ∈ R2 of each κth matching pair; Rcoarse ∈ 341

R3×3 denotes the rotational component of the input preliminary 342

pose; D(χκ) is the depth value extracted from depth image; 343

τcoarse ∈ R3 is the translation matrix. 344

The depth value per pixel is rasterized by alpha-blending 345

according to the following formula: 346

D =
∑

TκG
′
κ(χκ|μ′,Σ′)σκzκ (7)

where zκ ∈ R is the distance to the mean of Gaussian; Tκ is the 347

transmittance coefficient; G′
κ is the 2D gaussians; μ′ ∈ R2 and 348

Σ′ ∈ R2×2 are 2D mean and covariance of Gaussian. 349

The PnP algorithm utilizes 3D–2D point correspondences to 350

estimate an updated and more precise pose for the query image. 351

This refined pose is then used to re-render the scene, from which 352

new 2D–3D correspondences are extracted for subsequent PnP 353

estimation. Through this iterative procedure, a pose alignment 354

loop is established for the query image. 355

VI. EXPERIMENTAL RESULT 356

This section evaluates the performance of the proposed 357

method in solving the visual localization problem under complex 358

indoor conditions. The method is implemented and performed 359

by a computer equipped by a Core-i7 12th generation CPU, 32 360

GB ram, and NVIDIA Geforce RTX 4070 GPU. The evaluation 361

focuses on two key criteria: robustness and accuracy. A detailed 362

description of the evaluation setup is provided in the following 363

subsection. 364

A. Evaluation Setup 365

Dataset: Experiments are conducted on three datasets: 366

7Scenes [22], ScanNet [23], and a custom dataset, covering 367

indoor environments from simple to complex conditions, in- 368

cluding static small-scale, static large-scale, and semi-dynamic 369

scenes. 370

Evaluation metrics: Two types of metrics are used to evalu- 371

ate performance: Average translation error (ATE) and average 372

rotation error (ARE); Success rate: This metric indicates the 373

percentage of query images whose estimated poses fall within 374

standard error thresholds, 5 cm / 5° and 2 cm / 2°, commonly 375

used in visual localization benchmarks. 376

Baseline: To validate the effectiveness of the proposed 377

method, comparison against representative visual localiza- 378

tion approaches, including: APR method: Marepo [2]; SCR 379

method: ACE [3]; NeRF-based methods: CROSSFIRE [6] and 380
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TABLE I
MEDIAN ROTATION AND TRANSLATION ERRORS (°/CM) ACROSS 7SCENE ↓

TABLE II
SUCCESS RATE (%) OF FRAMES MEETING A [5°, 5CM], [2°, 2CM] POSE ERROR THRESHOLD ACROSS 7SCENE↑

pNeRFLoc [5]. GS-based methods: GS-CPR [8], STDLoc [9],381

iComMa [10] and SplatLoc [11].382

B. First Scenario: 7Scene Dataset383

This scenario evaluates the proposed method in a small,384

complex indoor environment and analyzes the impact of GS385

map quality on GS-based localization, with results reported in386

Tables I and II. NeRF-based methods such as CROSSFIRE387

and pNeRFLoc exhibit low accuracy and success rates due to388

their reliance on additional components (e.g., descriptors and389

warping losses), whose limited robustness constrains localiza-390

tion performance. In contrast, ACE and Marepo demonstrate391

higher effectiveness owing to meta-learning, which improves392

generalization to unseen scenes, particularly on the 7Scenes393

dataset. GS-based methods are further evaluated using two map394

qualities: a high-quality GS map built from about 1000 RGB im-395

ages and a low-quality one from around 300. As shown in Table I,396

all methods benefit from high-quality maps, with the proposed397

method achieving the best results in five sequences. When using398

low-quality maps, SplatLoc suffers a significant performance399

drop because it does not leverage differentiable rendering. In400

contrast, GS-CPR, STDLoc, and iComMa achieve better accu-401

racy by exploiting GS rendering. Notably, the proposed method402

consistently outperforms other GS-based approaches even with403

low-quality maps, demonstrating the robustness of the proposed404

pipeline.405

As discussed above, GS-based methods show degraded per-406

formance with low-quality maps. To highlight the robustness407

of the proposed method, the second and third scenarios are408

therefore evaluated exclusively using low-quality maps.409

The rendered image from the final pose estimated by the410

proposed method is shown in Fig. 5. As previously noted, the411

proposed method achieves high accuracy; consequently, the412

rendered images closely resemble the query images, even in413

scenes containing multiple objects.414

As discussed above, GS-based methods exhibit reduced415

performance when using low-quality map inputs. Therefore,416

to highlight the robustness of the proposed method, the417

Fig. 5. Results of the Proposed method - 7scene dataset.

experiments in the second and third scenarios are conducted 418

exclusively with low-quality map inputs. 419

The rendered image from the final pose estimated by the 420

proposed method is shown in Fig. 5. As previously discussed, 421

the proposed method achieves a high level of accuracy. Conse- 422

quently, the rendered output images closely resemble the query 423

images. Even in cases where the scene contains multiple objects, 424

the proposed algorithm consistently produces rendered images 425

with high accuracy. 426

C. Second Scenario: ScanNet Dataset 427

This section evaluates the algorithm’s localization perfor- 428

mance in a more complex environment with greater diversity 429

and larger scale than the 7-Scenes dataset. Since NeRF-based 430

methods show subpar performance in the first scenario, they 431

are excluded from this comparison, and the average localization 432

errors are shown in Table III. Marepo exhibits the highest error 433

due to inaccurate scene coordinate predictions caused by noisy 434

map construction and frequent occlusions in ScanNet, as well as 435

the absence of explicit 2D.3D correspondences. Although ACE 436

shares the same backbone and achieves better results, it also 437

suffers from the lack of explicit 2D.3D matching, limiting its 438

performance in large-scale environments. SplatLoc shows large 439
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TABLE III
THE MEDIAN ROTATION AND TRANSLATION ERRORS (°/CM) ON SCANNET ↓

TABLE IV
THE SUCCESS RATE (%) OF FRAMES MEETING A [5°, 5CM], [2°, 2CM] POSE

ERROR THRESHOLD ON SCANNET↑

Fig. 6. Results of the Proposed method across ScanNet dataset.

positional errors because sparse and geometrically inconsistent440

3D features lead to inaccurate 2D–3D correspondences. While441

GS-CPR and iComMa achieve improved localization through442

enhanced feature matching but still suffer from residual errors443

due to the lack of explicit 3D geometry modeling during feature444

construction. In contrast, STDLoc improves robustness through445

hierarchical geometric feature extraction and correspondence446

strategy. The proposed method achieves the highest accuracy447

by integrating geometric information from the GS map with448

semantic cues, enabling more accurate 2D.3D correspondences449

and superior localization performance.450

The success rates of the compared algorithms are presented in451

Table IV. ACE, Marepo, and SplatLoc exhibit low success rates452

due to their limitations in accurately establishing 2D–3D corre-453

spondences, as discussed above. In contrast, GS-CPR, iComMa,454

and STDLoc achieve improved performance by leveraging GS,455

although they still face challenges in feature processing in com-456

plex environments. Notably, the proposed algorithm attains a457

superior success rate exceeding 95%.458

The image rendered from the final pose estimated by the459

proposed method is shown in Fig. 6. As highlighted earlier, this460

method demonstrates a notably high success rate. Accordingly,461

the rendered images closely resemble the corresponding query462

images, even on datasets with large-scale, diverse, and complex463

scenes.464

An illustration in Fig. 7 highlights the robust map construction465

process. Stable elements such as wardrobes, beds, doors, and466

shelves are successfully extracted, while objects prone to posi-467

tional changes (e.g., trash bins, pillows) are excluded. Robust468

Fig. 7. Robust map generation results of the proposed method across ScanNet
dataset.

Fig. 8. Describe the environment and scene change.

TABLE V
MEDIAN ROTATION AND TRANSLATION ERRORS (°/CM) ACROSS CUSTOM

DATASET ↓

maps constructed from this information achieve stable accuracy 469

using the GS technique, thereby contributing to improved local- 470

ization performance, as described in the proposed method. 471

The image generated from the final pose estimated by the 472

proposed approach is shown in Fig. 6. As highlighted earlier, 473

this method demonstrates a notably high success rate. Accord- 474

ingly, the rendered images exhibit a strong resemblance to the 475

corresponding query images, even on datasets with large areas, 476

diverse scenes, and complex spatial configurations. 477

D. Third scenario: Custom Dataset 478

The custom dataset was collected in a 75 m classroom, as 479

shown in Fig. 8, under semi-dynamic conditions, where query 480

images were captured after object rearrangements. Compared 481

to ScanNet, these changes reduce feature consistency in robust 482

regions and increase localization difficulty, as summarized in 483

Table V. ACE, Marepo, and SplatLoc show suboptimal per- 484

formance on ScanNet, which further degrades on the more 485

dynamic and challenging custom dataset. GS-CPR, iComMa, 486

and STDLoc show improved results but remain limited by purely 487

geometric perception. In contrast, the proposed method achieves 488

the highest accuracy by leveraging semantic information to focus 489

on robust regions. 490

The success rates of the compared methods are reported 491

in Table VI. ACE, Marepo, and SplatLoc exhibit the lowest 492

performance, while GS-CPR, STDLoc, and iComMa achieve 493

moderate improvements. In contrast, the proposed method de- 494

livers significantly superior results, exceeding an 80% success 495
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TABLE VI
THE SUCCESS RATE (%) OF FRAMES MEETING A [10°, 10CM], [5°, 5CM], [2°,

2CM] POSE ERROR THRESHOLD ACROSS CUSTOM DATASET ↑

Fig. 9. Results of the Proposed method across custom dataset.

Fig. 10. Robust map generation results of the proposed method across custom
dataset.

Fig. 11. Runtime analysis for the proposed method.

rate under the 5 cm and 5° threshold, demonstrating strong496

robustness to scene changes.497

Fig. 9 illustrates the robust map construction process, showing498

that the system successfully identifies stable objects such as499

whiteboards, windows, desks, and doors using semantic infor-500

mation, while excluding changeable items like chairs, pens, and501

books. The resulting robust map enables consistent information502

extraction in dynamic scenes and provides reliable initializa-503

tion for subsequent matching and alignment stages, directly504

impacting final pose estimation. Fig. 10 further confirms that505

the rendered views closely align with the query images despite506

scene changes.507

E. Ablation Study508

This section presents ablation studies to evaluate the contri-509

butions of key components in this pipeline on ScanNet dataset.510

Seven configurations are designed to isolate the main factors:511

Running time: Although real-time performance is not the512

primary goal, runtime analysis is conducted to assess efficiency513

and identify bottlenecks. Fig. 11 presents a detailed runtime514

breakdown. The proposed algorithm, designed for accuracy and515

TABLE VII
ABLATION STUDY RESULTS FOR THE PROPOSED METHOD WITH SCANNET

Fig. 12. Query image pose evaluation through algorithm stages.

TABLE VIII
MEDIAN ROTATION AND TRANSLATION ERRORS (°/CM) ACROSS PROCESSING

STAGES ON THE SCANNET DATASET ↓

robustness in offline settings, has an average execution time of 516

9.68 s. The main computational costs arise from the overview 517

shot stage and robust map construction. Therefore, reducing 518

the processing time of these stages is critical. One possible 519

direction is to leverage geometric information from objects to 520

estimate relative poses more efficiently, instead of relying on 521

the overview shot stage. In addition, the current LLM and CLIP 522

implementations used for robust map construction are not yet 523

fully optimized. Future work will focus on improving their 524

integration and efficiency to reduce the overall runtime. 525

Method without semantic information: To assess the impact of 526

semantic information, semantic elements were removed from the 527

Gaussian map while keeping the alignment module unchanged. 528

This leads to reduced localization accuracy and success rate, 529

with a slight runtime improvement, highlighting the importance 530

of semantic context, as shown in Table VII. 531

Method without coarse-to-fine (c2f) matching strategy: To 532

evaluate the role of view filtering and enhancement, both steps 533

were removed and all viewpoints were directly used for align- 534

ment. This results in higher localization errors and increased 535

runtime, demonstrating that the C2F strategy is crucial for 536

accuracy and efficiency, as reported in Table VII. 537

Method without alignment (alg.) loop: To evaluate the role 538

of the render-PnP loop, it was replaced with a single-shot PnP 539

step using only the preliminary pose. This change led to higher 540

errors and lower success rate, but improved runtime. The results 541

in Table VII confirm that the render-PnP loop plays a key role 542

in refining pose accuracy, albeit with added running time. 543

Evaluation of localization accuracy on processing stages: 544

Three ScanNet sequences are used to evaluate pose estimation 545

across the coarse and fine matching stages of the PR module 546

and final alignment. Fig. 12 and Table VIII show the results. 547

Coarse matching recovers an approximate view direction, while 548

fine matching refines it, providing a strong basis for the final 549
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Fig. 13. Failure case of robust object detection by the LLM model. (a) Query
image, (b) Failed detection, (c) GT of the robust object.

TABLE IX
QUANTITATIVE ANALYSIS OF FINAL POSE ACCURACY UNDER ROBUST OBJECT

DETECTION FAILURES IN SCENE0140 OF THE SCANNET DATASET ↓

TABLE X
SUCCESS RATE (%) OF LLM MODULES ACROSS SCANNET DATASET↑

alignment. Consequently, the combined stages enable high-550

precision pose estimation.551

Unsuccessful detection of robust objects by the LLM model:552

Although the LLM achieves high accuracy in identifying robust553

objects for constructing the robust map, it may still fail when554

object shapes are ambiguous or the query image has poor visual555

quality. Fig. 13 illustrates such a failure: in Fig. 13(a), the robust556

objects are a wall painting and a door, while in Fig. 13(b),557

the LLM incorrectly detects a window and a door, with the558

window being a false positive. Ideally, it should match the GT in559

Fig. 13(c). This misidentification results in a less accurate final560

pose, as shown in Table IX. Nonetheless, the LLM maintains a561

low failure rate of about 1%, preserving the overall robustness562

of the proposed method.563

Evaluate the impact of alternative LLMs on semantic ex-564

traction: This subsection evaluates the semantic extraction ca-565

pabilities of three LLMs: LLaVA [12], Phi-3 [24], and GPT566

[25]. LLaVA is an open-source lightweight model that integrates567

easily into the framework, providing reasonable accuracy with568

good efficiency. Phi-3 offers stronger scene understanding and569

balanced performance but is less suitable for direct embedding570

due to its larger size. GPT delivers the most accurate com-571

prehension thanks to large-scale training but relies on cloud572

access, limiting adaptability. As shown in Table X, LLaVA573

achieves about 99% accuracy, while Phi-3 and GPT both reach574

100%, reflecting the simplicity of the task involving common,575

well-represented objects.576

VII. CONCLUSION577

In this study, we propose a robust visual localization frame-578

work that demonstrates significant improvements over existing579

SOTA methods across three distinct scenarios. Based on the580

experimental results, the key contributions of our approach are581

summarized as follows: 1) enhanced localization accuracy by582

integrating 3D GS with semantic information, 2) the ability to583

identify and select optimal viewpoints for rendering images that584

closely match the query image, and 3) robust state estimation in585

complex indoor environments.586
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