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Abstract

3D Gaussian Splatting (3DGS) has recently gained attention in Si-
multaneous Localization and Mapping (SLAM) for its ability to
capture fine-grained geometry and synthesize high-quality novel
views. However, in large-scale scenarios such as autonomous driv-
ing, 3DGS-SLAM suffers from continuously increasing memory
consumption as Gaussians accumulate, limiting practical deploy-
ment. We propose a rendering-area—aware pruning strategy that
removes Gaussians according to their effective image-plane con-
tribution, rather than relying solely on local heuristics such as
opacity or gradient magnitude. By directly targeting rendering re-
dundancy, our method significantly reduces peak runtime memory
usage. Experiments on the EuRoC and KITTI datasets show that
our approach achieves over 60% memory reduction and more than
2x FPS improvement while maintaining localization and recon-
struction accuracy. These results demonstrate the effectiveness of
rendering-aware pruning for scalable 3DGS-SLAM in real-world
autonomous driving settings. Our code is publicly available at
https://github.com/UMN-ZhaoLab/Pocket-SLAM.git.
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1 Introduction

Visual SLAM is fundamental to robot perception and supports appli-
cations such as autonomous navigation and environment mapping.
3D Gaussian Splatting (3DGS) [16] has recently been integrated
into SLAM due to its ability to represent fine-grained geometry and
synthesize high-quality novel views. Systems such as MonoGS [22]
and GS-SLAM [29] demonstrate accurate tracking and high-fidelity
reconstruction, while LGS-SLAM [28] and WildGS-SLAM [31] ex-
tend 3DGS-SLAM to large-scale outdoor scenarios, highlighting its
potential for autonomous driving [6, 17] and drone navigation [25].
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Figure 1: Results on KITTI [19] sequence 10. Compared with
LSG-SLAM [28], our method achieves comparable camera
tracking accuracy (Absolute Trajectory Error Root Mean
Square Error, ATE) and rendering quality (Peak Signal-to-
Noise Ratio, PSNR) in large-scale scenarios, while reducing
peak memory usage by 61%.

Despite these advances, a key limitation remains: memory con-
sumption grows continuously as Gaussians accumulate during map-
ping. While indoor scenes contain a manageable number of Gaus-
sians, large-scale outdoor environments require millions of splats,
leading to prohibitively high peak memory usage. This issue is crit-
ical for deployment on resource-constrained edge devices, where
peak runtime memory directly determines feasibility.

Existing Gaussian pruning methods primarily target 3DGS ren-
dering in small-scale indoor scenes [9, 12, 21, 30] or focus on
keyframe storage [11]. However, they largely overlook peak run-
time memory consumption in large-scale outdoor SLAM. Moreover,
pruning strategies designed for indoor scenes fail to account for
the structural differences of outdoor environments, where vast
texture-sparse regions coexist with dense local structures, resulting
in severe memory redundancy.

To address this challenge, we present Pocket-SLAM, an extension
to 3DGS-SLAM that incorporates a rendering-area—aware pruning
strategy. During mapping, we quantify each Gaussian’s contribu-
tion based on its effective pixel coverage and remove those with
negligible rendering impact. Unlike local heuristics such as opacity
or gradient magnitude, our criterion directly reflects scene-level
rendering contribution, making it well suited for outdoor SLAM.

To prevent excessive information loss in texture-dense regions,
we further introduce a tile-level budget mechanism, which allocates
survival budgets across image tiles and constrains pruning locally.
This design preserves both large-area Gaussians that provide global
constraints and fine-grained Gaussians that encode local details. As
shown in Fig. 1, our approach significantly reduces peak memory
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usage while maintaining tracking and mapping accuracy. More-
over, Pocket-SLAM is orthogonal to existing 3DGS acceleration
techniques and can be seamlessly integrated into standard SLAM
pipelines. In summary, the contributions of our work include:

e We propose a rendering-area—aware pruning strategy that
evaluates Gaussian importance based on effective pixel
coverage, shifting pruning criteria from local heuristics to
rendering contribution.

e We introduce a tile-level budget mechanism that constrains
pruning per region, preventing information loss in both
texture-dense and texture-sparse areas.

e We demonstrate on large-scale outdoor benchmarks that
our method reduces peak memory consumption by over
60% and improves FPS by more than 2x while preserving
localization and reconstruction accuracy.

2 Related Work

2.1 Traditional Visual SLAM and 3DGS-SLAM

Visual SLAM has been widely studied in both indoor and outdoor
settings, where challenges differ significantly. Indoor SLAM frame-
works [5, 10, 20, 23, 24] operate in compact, texture-rich environ-
ments and achieve reliable tracking using sparse, direct, or dense
methods. In contrast, large-scale outdoor scenes are often unstruc-
tured and texture-sparse, making traditional approaches less effec-
tive. Stereo-based [8, 18] and LiDAR-based systems [3, 27] improve
robustness and scale handling but require specialized sensors and
still face trade-offs between efficiency and reconstruction fidelity.

With the emergence of 3DGS [16], Gaussian primitives have been
incorporated into SLAM systems. MonoGS [22] and GS-SLAM [29]
demonstrate accurate tracking and high-quality reconstruction us-
ing 3DGS. Photo-SLAM [14] and LoopSplat [32] enhance robustness
by integrating ORB-SLAM [23] modules or global BA, though most
evaluations focus on indoor scenes. LGS-SLAM [28] and WildGS-
SLAM [31] extend 3DGS-SLAM to outdoor driving scenarios, re-
vealing its scalability potential.

2.2 Memory-Efficient Gaussian Pruning

To reduce redundancy in 3DGS models, prior work has explored
Gaussian pruning. LightGaussian [9] removes low-opacity Gaus-
sians, LP-3DGS [30] relies on gradient magnitude, PUP-3DGS [12]
considers perceptual importance, and MaskGaussian [21] adopts a
masking-then-pruning strategy. While effective for 3DGS render-
ing and training, these methods are not designed for 3DGS-SLAM,
which requires stable per-frame tracking. GEVO [11] addresses
memory in 3DGS-SLAM but focuses on keyframe storage rather
than peak runtime memory. In contrast, we propose Pocket-SLAM,
which introduces a rendering-area—aware pruning strategy and a
tile-level budget mechanism to reduce peak memory consumption
in large-scale outdoor SLAM while preserving accuracy.

3 Proposed Methods

Pocket-SLAM is designed to reduce peak runtime memory in large-
scale outdoor 3DGS-SLAM while preserving tracking stability and
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reconstruction fidelity. To achieve this goal, we introduce two com-
plementary components: (1) a rendering-area—aware pruning strat-
egy (Sec. 3.2) that evaluates Gaussian importance from the perspec-
tive of image contribution, and (2) a tile-level budget mechanism
(Sec. 3.3) that constrains pruning locally to prevent regional in-
formation collapse. Together, these components explicitly target
runtime memory redundancy without modifying the underlying
SLAM optimization framework.

Pocket-SLAM follows the standard SLAM paradigm consisting
of tracking and mapping stages. Tracking estimates camera poses
while collecting gradient statistics for budget allocation, and map-
ping refines Gaussian parameters before applying structured prun-

ing (Fig. 2).

3.1 SLAM Pipeline

We denote the camera pose as Tam € SE(3) and the Gaussian set as
{Gi}fi 1» Where each G; encodes position, covariance, opacity, and
color. For each incoming frame, we minimize a joint photometric
and depth reconstruction loss:

L=L,+ MLy, (1)

where L. measures photometric consistency and Ly enforces depth
consistency.

Tracking. During tracking, the Gaussian set {G;} is fixed and
only the pose Tcam is optimized. Although Gaussian parameters are
not updated in this stage, we compute the per-Gaussian gradient
magnitude:

gi = IVg, Lll2, 2

which reflects how strongly each Gaussian contributes to pose
optimization. These gradient statistics are accumulated and later
used to guide tile-level budget allocation.

Mapping. In mapping, camera poses are fixed while Gaussian
parameters are optimized. New Gaussians may be inserted to rep-
resent newly observed regions. After mapping converges for a
keyframe, pruning is performed to remove redundant Gaussians.
Importantly, pruning is applied only after optimization to avoid
interfering with convergence.

3.2 Rendering-Area—Aware Pruning

Conventional pruning methods rely on local heuristics such as
opacity or gradient magnitude, which do not necessarily reflect
a Gaussian’s contribution to the rendered image. In contrast, we
directly measure each Gaussian’s effective rendering area.

For each Gaussian G;, we compute its projected contribution on
the image plane:

Ci
Ci=) ai(p), Si= :
p;; 2;C

®)

where @;(p) denotes the pixel-wise contribution and Q is the image
domain. C; measures total pixel coverage, and S; normalizes it across
all Gaussians.

Within each tile k, Gaussians are ranked by S;, and only the top
B}:k are retained. This criterion aligns pruning with scene-level
rendering impact. In outdoor environments, Gaussians covering
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Figure 2: Overview of Pocket-SLAM. Tracking estimates camera poses and computes tile budgets, while mapping refines Gaus-
sians. Tile-Level Budget Mechanism guides pruning allocation, and Rendering-Area—Aware Pruning removes low-contribution

Gaussians to reduce memory without degrading accuracy.

large regions such as roads and sky provide global photometric
constraints and thus naturally receive higher priority.

However, coverage-based pruning tends to remove small Gaus-
sians in texture-rich areas, which may degrade local consistency.
This motivates tile-level budget control.

3.3 Tile-Level Budget Mechanism

Outdoor scenes exhibit spatial heterogeneity: some regions are
texture-dense with many small Gaussians, while others are sparse
and dominated by large splats. Uniform pruning based solely on
rendering area may remove too many Gaussians in dense regions
or deplete sparse tiles, leading to instability (Fig. 3).

To enforce balanced survival across regions, we allocate budgets
per image tile using gradient statistics collected during tracking.
For Gaussians projected into tile 7, we compute:

Gy = L Z 9i, 4

Nk i€y

where Nj is the number of Gaussians in tile k. Gy reflects how
strongly the region influences pose optimization.

Given a global target Gaussian count Ni,,, we assign per-tile
survival budgets:

Gy

%G

Tiles with larger gradients (texture-rich, constraint-dense re-
gions) receive higher budgets, while less informative regions re-
ceive fewer. The clipping bounds prevent tiles from being either
completely depleted or overly concentrated.

By combining tile-level budgets with rendering-area ranking,
Pocket-SLAM preserves both global structures and fine-grained

B;:k = Clip(’VNtar . -‘, Buin, Bmax) . (5)
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Figure 3: Effect of pruning without and with the Tile-Level
Budget on KITTI [19]. Increasing pruning ratio without local
constraints significantly degrades ATE and PSNR, while our
budget mechanism maintains stable performance.

local details. This structured pruning mechanism effectively limits
peak runtime memory while maintaining tracking stability and
reconstruction quality.

4 Experimental Results

Datasets. We evaluate on the EuRoC MAV dataset [4] using se-
quences MH01-MHO5, which contain challenging viewpoint and
illumination changes. While EuRoC is compact compared to au-
tonomous driving datasets, it provides a benchmark to verify that
pruning does not degrade SLAM accuracy. Large-scale outdoor
evaluations on KITTI [19] are deferred to Appendix A.1. Metrics.
We evaluate from two perspectives. Accuracy is measured by ATE
RMSE [15], which reflects trajectory consistency. Performance is
measured by FPS and peak runtime memory consumption. Peak
memory includes all Gaussian-related intermediate parameters dur-
ing tracking and mapping, reflecting the minimum hardware re-
quirement for deployment.
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Baselines. Pocket-SLAM is implemented on top of LSG-SLAM [28].
We compare against LightGaussian [9], LP-3DGS [30], and MaskGaus-
sian [21]. All methods are evaluated under the same pruning ratio
on NVIDIA A6000 [2] to ensure fairness.

Implementation Details. We use 50 tracking iterations per
frame and 100 mapping iterations per keyframe. Loss weights are
set to Ag = 1.0 and A} = 1.5. The global target Gaussian count
is Niar = 0.4Ninit, with per-tile bounds Byin = 5 and Byax = 200.
These settings ensure stable optimization while enabling significant
memory reduction.

4.1 Evaluation on EuRoC

Tracking Accuracy (ATE). Tab. 1 reports ATE RMSE under a
unified pruning ratio. Pocket-SLAM achieves tracking accuracy
comparable to LSG-SLAM across all sequences, indicating that
rendering-area—aware pruning does not compromise pose estima-
tion stability. In contrast, LightGaussian and LP-3DGS frequently
lose tracking on challenging sequences (e.g., MH04 and MHO5), as
their local pruning criteria remove Gaussians that provide global
photometric constraints. MaskGaussian completes all sequences
but shows consistent accuracy degradation, reflecting insufficient
protection of texture-critical regions.

Table 1: Camera tracking and rendering results on EuRoC [4].
Tracking is evaluated by ATE RMSE | [m], Rendering is eval-
uated by PSNR T [dB], SSIM T [0-1], and LPIPS | [0-1]. "-"
means tracking lost.

Leshu Li!, Jie Peng?, Yang Zhao!

Table 2: Performance on EuRoC [4], reported as Peak Mem-
ory | [GB] and FPS T (lower is better for memory, higher is
better for FPS).

Method Metric MHO01 MH02 MH03 MH04 MHO05 Avg.

Memory| 242 214 256 30.2 256 254

LSG-SLAM [28]
FPST 12 15 12 11 13 13

MaskGaussian [21]

Memory| 163 138 179 222 178 17.6
FPST 1.5 1.9 1.6 1.5 1.6 1.6

Memory| 9.6 84 10.2 12.1 10.2 10.1

Method Metric MH01 MH02 MH03 MH04 MHO05 Avg.
ATE| 0.05 0.02 0.08 006 0.11 006

LSG-SLAM [28] PSNRT 31.23 33.31 30.26 30.72 28.54 30.81
SSIMT 0.98 0.99 0.98 0.98 0.96 093

LPIPS| 0.04 0.03 0.05 0.05 0.07 0.05

ATE| 132 094 - 167 - 131

LightGaussian [9] PSNRT 13.24 1285 - 1094 - 1234
SSIMT 054 055 - 050 - 053

LPIPS| 0.41 039 - 045 - 041

ATE| 044 035 134 054 -  0.67

LP-3DGS [30] PSNRT 15.65 1625 13.84 12.83 - 14.64
SSIMT 0.64 0.68 060 060 -  0.63

LPIPS| 033 032 037 040 - 035

ATE| 024 018 038 024 2338 1.08

MaskGaussian [21] PSNRT 20.30 21.84 19.26 18.66 17.23 19.4
SSIMT 076 0.77 072 071 0.68 0.72

LPIPS| 0.29 028 032 033 035 031

ATE| 016 009 026 015 124 0.38

Ours PSNRT 24.28 2549 23.84 2236 20.18 23.23
(w/o Tile Budget) sSIMT 0.84 085 083 082 077 0.82
LPIPS| 021 020 023 024 029 0.23

ATE| 0.05 003 0.08 0.05 0.13 007

Ours PSNRT 31.05 3245 30.28 30.55 28.33 30.53

(w/ Tile Budget) SSIMT 0.98 0.99 0.98 097 096 0098
LPIPS| 0.05 0.03 0.05 0.05 008 0.05

4

Ours .
FPST 3.3 4.2 35 3.3 36 3.0
an) 3 ----------------------------------------
m Peak Memory Usage: 32.1 GB (LSG-SLAM)
m 28 M
S~ PP P e e = Epa e | S
] ( Peak Memory Usage: 26.3 GB (MaskGaussian)
()]
© 20
%)
D 16
12
o R I R iRt T
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=
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0 250 500 750 1000 1250 1500 1750 2000 2250 2500
Frame

Figure 4: Results on KITTI [19] sequence 3, showing the trend
of memory usage growth with frames for LSG-SLAM [28],
MaskGaussian [21], and Pocket-SLAM. All Gaussian-related
parameters are included.

Peak Memory and FPS. Tab. 2 presents runtime efficiency

comparisons. Pocket-SLAM reduces peak memory consumption by
61.3% on average relative to LSG-SLAM while achieving a 2.7x FPS
improvement. Compared with MaskGaussian, our method achieves
substantially stronger memory reduction and a 2.2x speedup. This
difference stems from the mask-based strategy in MaskGaussian,
which temporarily retains low-importance Gaussians in memory,
whereas Pocket-SLAM directly eliminates redundant splats.

Memory Growth Trend. To further analyze runtime behavior,
Fig. 4 illustrates memory usage growth over frames. Memory in-
creases at each keyframe due to Gaussian insertion during mapping.
Pocket-SLAM consistently maintains a lower peak memory foot-
print than LSG-SLAM and MaskGaussian throughout the sequence.
This demonstrates that direct rendering-area pruning with tile-level
budget control is more effective in limiting peak runtime memory
than deferred mask-based pruning.

5 Conclusions and Future Work

We present Pocket-SLAM, a memory-efficient 3DGS-SLAM frame-
work that combines rendering-area—aware pruning with a tile-level
budget mechanism. This design removes redundant Gaussians while
preserving both global structures and local details, achieving over
60% peak memory reduction and more than 2X FPS improvement
on EuRoC [4] without sacrificing tracking accuracy.

Future work includes adaptive pruning strategies and deploy-
ment on resource-constrained platforms such as embedded GPUs [1]
and edge accelerators [7, 13, 26].
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A Additional Experimental Results

A.1 Evaluation on KITTI

We further evaluate Pocket-SLAM on the KITTI odometry bench-
mark [19]. Tab. 3 reports tracking and rendering results, and Tab. 4
reports peak memory and FPS. Our rendering-area—aware pruning
consistently achieves tracking accuracy comparable to LSG-SLAM
across all sequences. In challenging sequences, Pocket-SLAM even
surpasses LSG-SLAM due to effective elimination of redundant
Gaussians. Pruning methods based solely on gradient or opacity
often suffer from tracking failure in large-scale outdoor scenes.

A.2 Result Profiling

Detailed evaluation results in Fig. 5 highlight the limitations of exist-
ing pruning strategies in 3DGS-SLAM. LightGaussian [9] (opacity-
based) and LP-3DGS [30] (gradient-based) are problematic in out-
door scenarios, as Gaussians covering critical regions such as sky
and road often exhibit low opacity or gradients and are thus re-
moved. This eliminates wide-coverage Gaussians that provide es-
sential global constraints, leading to unstable pose estimation and
drift. In contrast, Pocket-SLAM evaluates Gaussian importance by
rendering area, which better captures their contribution to the im-
age and is more suitable for outdoor SLAM. MaskGaussian [21] also
considers rendering area but applies it globally, overlooking texture-
dense regions. Consequently, fine-grained Gaussians encoding trees
and facades are removed, weakening local consistency. By integrat-
ing rendering-area pruning with a tile-level budget mechanism,
Pocket-SLAM preserves small Gaussians in texture-rich regions
while removing redundant ones, maintaining both global structure
and local detail with significant memory reduction.
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ss1 Table 3: Camera tracking and rendering results on KITTI [19]. Tracking is evaluated by ATE RMSE | [m], Rendering is evaluated 639
582 by PSNR T [dB], SSIM T [0-1], and LPIPS | [0-1]. "-" means tracking lost.The results of sequence 01 are not reported, as all 640

583 methods perform poorly on it. 641
584 642
ass Method Metrics 00 02 03 04 05 06 07 08 09 10 Avg. s
586 ATE| 315 922 188 162 197 262 152 843  6.06  3.05 385 644
587 LSG-SLAM [28] PSNRT  27.09 26.64 2618 2546 2690 27.79 2598 26.17 26.81 26.82 2658 645
588 SSIMT 097 097 097 095 097 097 096 09 097 097 0097 616
589 LPIPS| 0.07 0.7 007 009 007 006 007 008 007 007 007 647
3% ATE| - - 15.23  16.84 19.85 2021  19.94 - - 2123  18.88 648
1 , ‘ PSNRT - - 15.83 1527 1602 1620  15.28 - - 1643  15.83 o
592 LightGaussian [9] 650
. SSIMT - - 079 078 080  0.80 0.80 - - 079 079 o
o LPIPS| - - 0.33 0.31 0.33 0.32 0.32 - - 032 032 .
w0 ATE| 9.20 - 8.98 726 1083  11.29  9.23 - - 1245  9.89 o
596 LP-3DGS [30] PSNR]  18.57 - 1834 1739 1884  19.22 1843 - - 1776 18.36 654
597 SSIMT  0.84 - 0.83 0.81 0.83 0.83 0.82 - - 082 083 655
598 LPIPS|  0.24 - 0.26 024 026 025 0.25 - - 024 025 656
599 ATE]| 542 1423 429 388  4.29 532 453 1387 1232 694 751 657
600 . PSNRT 2172  20.83 2098 1929 2031 2197 2057 1999 2003  19.98 2056 658
601 MaskGaussian [21] 659
‘ SSIMT 092 091 0.92 090 090  0.91 0.91 0.90 089 092 091
;z LPIPS| 018 020 018 022 019 018 018 016 019 019  0.19 Z:l’
. ATE| 423 1248 247 2.19 2.95 334 326 1063  7.62 456 537 o
s Ours PSNRT  24.63 2381 2354 2283 2361  24.62 2384 2245 2391 2229 2355 oo
06 (w/o Tile Budget)  sSIMT  0.95 094 095 0.93 0.93 0.94 094  0.93 0.92 095  0.94 oo
607 LPIPS| 012 014  0.12 016  0.13 0.12 0.12 0.11 013 013 013 665
608 ATE|  3.13 924 192 158 197 258 155 732 6583 322 381 666
609 Ours PSNRT 2701 2631 2649 2531 26.95 2733 2631 2610 2633 2655 2646 667
610 (w/ Tile Budget) SSIM] 097 097 097 095 097 097 096 097 09 097 0097 668
;i LPIPS| 0.07 007 0.07 0.09 0.07 0.06  0.07 0.07  0.08 0.08  0.07 Z;Z
o Table 4: Performance on KITTI [19], reported as Peak Memory | [GB] and FPS T (lower is better for memory, higher is better o7
™ for FPS). o
615 673
o Method Metrics 00 02 03 04 05 06 07 08 09 10 Avg. o
o LSG-SLAM [g]  Memoyl 402 366 321 371 306 312 385 362 304 342 47 -
oo FPS 7 07 08 09 07 L1 09 07 08 10 08 08 .
20 MaskGaussian [21] Memory | 352 316 263 323 248 252 324 305 243 296 292 o
s FPS 7 0.9 10 11 09 14 11 09 10 1.3 1.1 1.1 679
622 Ours Memory | 139 127 108 129 102 105 140 124 10.1 133 119 680
623 FPS 7 20 22 25 20 31 24 18 23 29 23 24 681
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LSG-SLAM LightGaussian LP-3DGS MaskGaussian Ours

Figure 5: Results on KITTI [19] sequence 10. Comparison across five methods with rendered images and Gaussian density
heatmaps.
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