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Abstract— Reliable robot autonomy requires semantic per-
ception that remains both informative and fast enough for
closed-loop safety decisions. We present BlabberSeg, an opti-
mized CLIPSeg-based open-vocabulary segmentation pipeline
for UAV emergency landing. The method targets semantic
reliability under edge constraints by reusing prompt, positional,
and image features and deploying floating-point 16 ONNX (Ten-
sorRT) inference. In a DOVESEI-based safe-landing workflow,
BlabberSeg reaches 16.78Hz on Jetson Orin AGX (64GB), a
927.41% speed increase over the original CLIPSeg (1.81Hz),
with limited degradation in segmentation agreement (2.1%
relative area difference) and mIoU (9%). At the task level, safe-
landing success is preserved (76/100, matching baseline) while
mission time is substantially reduced. These results support
semantic open-vocabulary perception as a practical component
for reliable autonomous landing.

I. INTRODUCTION

Semantic perception is central to reliable robot autonomy,
especially when control actions depend on scene under-
standing under uncertainty. In UAV emergency landing, the
autonomy stack must repeatedly infer safe landing zones
(SLZs) from high-altitude imagery and update decisions fast
enough to remain safe during descent.

Open-vocabulary vision-language models (VLMs) provide
useful semantic flexibility over fixed-label segmentation, but
their compute cost can break real-time safety loops on edge
hardware. CLIPSeg [1], built on CLIP [2], is promising for
semantic SLZ perception, yet naive deployment is too slow
for robust onboard operation, particularly when offloading is
unreliable [3].

We address this reliability bottleneck through efficiency-
aware semantic perception. This paper emphasizes three
contributions:
• Semantics-aware edge optimization: prompt and feature

reuse to remove redundant CLIPSeg computation while
preserving semantic outputs.

• Reliable onboard runtime: FP16 ONNX/TensorRT de-
ployment for sustained high-rate inference on Jetson-class
systems.

• Safety-oriented evaluation: quantitative analysis of se-
mantic consistency, robustness, and task-level safe-landing
outcomes in DOVESEI.

Qualitatively, segmentation outputs remain visually close
to the baseline, with only small boundary-level deviations
(Fig. 1).
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Fig. 1: Visual comparison between baseline CLIPSeg and
BlabberSeg masks. Differences are minor and concentrated
near class boundaries, consistent with the small quantitative
drop reported in Fig. 3.

II. RELATED WORK

A. Edge Acceleration for Foundation Models

Prior acceleration methods include compression [4], [5],
filtering/reusing [6], [7], [8], [9], and dynamic early-exit
strategies [10], [11]. These methods improve efficiency, but
direct transfer to multimodal foundation models can reduce
robustness or add heavyweight control heads.

Edge-cloud partitioning has also been explored [3]; how-
ever, safety-critical UAV operations in GPS- or network-
challenged environments cannot assume stable links. This
motivates fully onboard optimization.

B. Safe-Landing Perception in UAVs

Many safe-landing systems operate at low altitude [12],
[13], [14], [15], [16]. At 100m altitude, segmentation be-
comes harder due to low spatial resolution and motion
effects. DOVESEI [17] demonstrated open-vocabulary SLZ
detection with CLIPSeg, but practical deployment still re-
quires real-time inference.

III. METHOD

A. Overview

BlabberSeg is an optimized CLIPSeg inference stack for
repeated aerial segmentation queries on edge AI hardware.
Given incoming images and a prompt set describing candi-
date SLZ classes (e.g., grass, field, park), the system outputs
segmentation masks used by a downstream safe-landing
controller.

B. Optimization Strategy

(1) Reusing positional embeddings. For fixed input sizes,
positional embedding interpolation is precomputed once and
reused across frames, removing per-frame interpolation over-
head.



Fig. 2: BlabberSeg architecture for safe aerial robotics. Prompt embeddings, positional embeddings, and selected intermediate
features are reused to avoid redundant computation.

(2) Reusing prompt embeddings. Prompt embeddings are
cached and recomputed only when the prompt set changes.
This is effective for safe-landing missions where semantic
targets are stable over short horizons.

(3) Reusing image features. When multiple prompts are
applied to the same frame, shared image encoder features
are computed once and reused by the decoder.

(4) Embedded runtime optimization. The model is con-
verted to floating-point (FP) 16 and deployed through ONNX
(TensorRT) with input-output binding to reduce latency and
memory transfer overhead.

Together, these changes preserve CLIPSeg behavior while
reducing redundant work in the exact regime required by safe
aerial robotics: repeated inference on related images/prompts
under tight onboard constraints.

IV. EXPERIMENTAL SETUP

A. Hardware and Data

We evaluate on Jetson-class platforms and report primary
results on NVIDIA Jetson Orin AGX 64GB. For segmenta-
tion consistency analysis, we use 500 aerial images sourced
from Google Maps [18] and compare optimized outputs
against the original CLIPSeg output as reference.

B. Safe-Landing Evaluation

To connect model optimization to robotic outcomes, we
integrate BlabberSeg into DOVESEI [17]. The simulator
performs emergency descent from 100m to 20m and repeat-
edly selects SLZs based on segmentation and visual-servoing
logic.

C. Metrics

We report: (i) segmentation duration / frequency (Hz),
(ii) segmentation consistency (accuracy ratio and mIoU vs.
CLIPSeg reference), and (iii) safe-landing task metrics (suc-
cessful SLZ selections, mission time, and horizontal travel
distance).

V. RESULTS AND DISCUSSION

A. Real-Time Segmentation on Embedded Hardware

On Jetson Orin AGX 64GB, BlabberSeg improves
throughput from 1.81Hz to 16.78Hz (927.41% increase),
enabling real-time use in landing loops. The optimized
system keeps high agreement with the baseline, with only
minor reductions in segmentation consistency.
Model Legend:
• Original: CLIPSeg (original implementation)
• FP: CLIPSeg with FP16
• RPE: CLIPSeg + reusing prompt embeddings
• FP-RPE: FP16 CLIPSeg + reusing prompt embeddings
• HF: CLIPSeg (Hugging Face implementation)
• HF-RPE: Hugging Face CLIPSeg + reusing prompt em-

beddings
• FP-RPPE: FP16 CLIPSeg + reusing prompt and positional

embeddings
• FP-RPPET: FP-RPPE + TensorRT
• FP-RPPETI: FP-RPPET + input/output binding

TABLE I: Quantitative results of comparison among origi-
nal CLIPSeg and optimized CLIPSeg models for NVIDIA
Jetson Orin AGX 64G. GT* denotes ground truth (original
CLIPSeg).

Model
Mean Segmentation

Duration (s)
Mean Accuracy

(%)
mIoU

Original 0.553±0.004 GT* GT*
FP 0.201±0.019 99.5±0.29 99.6±0.36
HF 0.677±0.032 GT* GT*
HF-RPE 0.617±0.012 GT* GT*
RPE 0.547±0.044 GT* GT*
FP-RPE 0.159±0.010 99.5±0.29 99.6±0.36
FP-RPPE 0.108±0.009 99.5±0.01 97.7±1.49
FP-RPPET 0.077±0.006 97.9±1.27 91.0±8.40
FP-RPPETI 0.060±0.009 97.9±1.27 91.0±8.40

On Jetson Orin AGX 64G, optimization yields a clear
latency-accuracy trade-off (Table I). The baseline runs at
0.553s progressively reduce duration to 0.060s (FP-RPPETI),



Fig. 3: Noisy-image evaluation: mIoU, transformation time, segmentation accuracy ratio, and speed remain near clean-image
trends.

corresponding to the reported real-time gain. Across this
progression, segmentation agreement remains high, with
mean accuracy around 97.9–99.5% and mIoU around 91.0–
99.6, indicating that substantial speedup is achieved with
controlled semantic-quality degradation.

B. Impact on Safe-Landing Performance

Despite substantial acceleration, safe-landing quality is
preserved in DOVESEI evaluation. Both systems achieve
identical successful SLZ selections (76/100), while Blab-
berSeg reduces average mission time by approximately 8×
due to higher perception update rate (Table II).

TABLE II: Safe-landing comparison in DOVESEI simula-
tion.

Metric DOVESEI BlabberSeg
Successful SLZ selections 76/100 76/100
Avg. horizontal distance (m) 80.97±20.11 89.12±15.90
Avg. mission time (s) 506.47±49.30 62.72±20.06
mIoU 38±2.33 37±3.49
Avg. inference speed (Hz) 1.90±0.21 16.70±0.19

C. Robustness Under Visual Noise

Figure 3 evaluates robustness using a 100-image random-
noise stress test. BlabberSeg remains stable under pertur-
bation: mIoU, segmentation accuracy, and throughput stay
close to the clean-image case. These results indicate that

the acceleration gains are not obtained at the cost of fragile
semantic behavior, which is important for safety-critical
autonomous landing.

D. Cross-Device Performance and Scalability

Table III demonstrates that the proposed optimization
pipeline scales across heterogeneous edge hardware. On
emulated Jetson Orin NX 16G and Orin Nano 8G, the
best variant (FP-RPPETI) reaches 14.79Hz and 12.63Hz,
i.e., 2205.0% and 2695.2% speedup over each baseline. On
Jetson AGX Xavier 64G, BlabberSeg reaches 15.18Hz with a
2383.2% speedup, showing that the same reuse and runtime
strategy transfers across NVIDIA generations.

For CPU-only execution on Raspberry Pi 5, optimization
still provides substantial relative acceleration (0.02Hz to
0.17Hz, +715.5%). While this remains below strict real-time
requirements, it confirms that reuse-based efficiency gains
are robust even under highly constrained compute settings.

E. Implications for Reliable Semantic Autonomy

The main outcome is not only higher speed but improved
reliability of semantics-driven autonomy. Higher update rates
reduce perception staleness during descent, improving re-
sponsiveness to scene change. The observed trade-off is
practical for safety-critical use: a small semantic-quality drop
for a large reduction in decision latency.

Figure 4 highlights GPU power behavior, and Figure 5
highlights thermal behavior during accelerated inference. To-



TABLE III: Quantitative results of comparison among orig-
inal CLIPSeg and optimized CLIPSeg models for other
NVIDIA Jetson devices and Raspberry Pi 5. GT*: ground
truth.

Device Models
Mean Segmentation

Duration (s)
Increase in
Speed (%)

Hz

NVIDIA
Jetson Orin

NX 16G
(Emulated)

Original 1.490±0.067 GT* 0.67±0.0301
FP 0.420±0.023 354.7±4.31 2.38±0.1296
HF 1.537±0.040 97.0±0.62 0.65±0.0185
HF-RPE 1.469±0.0474 101.5±4.27 0.68±0.1285
RPE 1.364±0.035 109.2±0.55 0.73±0.0166
FP-RPE 0.378±0.018 394.5±0.73 2.65±0.0220
FP-RPPE 0.118±0.008 1258.2±18.95 8.44±0.5705
FP-RPPET 0.094±0.009 1592.6±35.17 10.69±1.0588
FP-RPPETI 0.068±0.007 2205.0±53.72 14.79±1.6174

NVIDIA
Jetson Orin
Nano 8G

(Emulated)

Original 2.135±0.033 GT* 0.47±0.0072
FP 0.594±0.023 359.2±8.91 1.68±0.0643
HF 2.184±0.017 97.7±2.35 0.46±0.0170
HF-RPE 2.105±0.016 101.4±8.00 0.48±0.0577
RPE 2.044±0.071 104.4±0.50 0.49±0.0036
FP-RPE 0.553±0.018 386.2±0.50 1.81±0.0036
FP-RPPE 0.150±0.009 1424.7±57.81 6.67±0.4171
FP-RPPET 0.099±0.007 2147.0±97.29 10.06±0.7019
FP-RPPETI 0.079±0.008 2695.2±166.29 12.63±1.1997

NVIDIA
Jetson AGX
Xavier 64G

Original 1.570±0.078 GT* 0.64±0.0317
FP 0.419±0.048 374.6±8.72 2.39±0.2767
HF 1.615±0.051 97.2±0.16 0.62±0.0050
HF-RPE 1.550±0.040 101.3±3.79 0.65±0.1204
RPE 1.417±0.010 110.8±0.61 0.71±0.0194
FP-RPE 0.356±0.015 441.1±0.52 2.81±0.0166
FP-RPPE 0.112±0.021 1404.4±55.58 8.94±1.7636
FP-RPPET 0.076±0.003 2055.5±13.63 13.09±0.4326
FP-RPPETI 0.066±0.008 2383.2±59.78 15.18±1.8970

Raspberry
Pi 5

Original 42.973±1.536 GT* 0.02±0.0008
HF 27.641±0.888 155.5±0.49 0.04±0.0004
HF-RPE 21.154±0.255 203.2±1.40 0.05±0.0012
RPE 21.770±0.193 197.4±0.68 0.05±0.00006
RPPE 6.096±0.966 715.5±33.03 0.17±0.0275

gether, they show an additional reliability benefit of efficient
computation: lower and more stable GPU power draw and
temperature reduce the risk of thermal throttling and energy
spikes during mission-critical descent. For safe autonomy,
this improves timing predictability of perception updates,
supports longer onboard operation under battery constraints,
and lowers the chance that compute stress degrades closed-
loop landing decisions when the vehicle is already in a
safety-critical state.

VI. LIMITATIONS AND FUTURE WORK

Current validation is primarily simulation-based due to
legal and safety limits. Outdoor trials in dense urban scenes,
diverse weather, and changing illumination remain necessary
before deployment claims. Performance on very low-power
CPU-only platforms (e.g., Raspberry Pi class) remains insuf-
ficient for real-time safe-landing, indicating that lightweight
edge accelerators are still required.

Future work will focus on uncertainty-aware SLZ scoring,
temporal consistency across frames, and hardware-in-the-
loop outdoor experiments with safety monitors.

VII. CONCLUSION

We presented BlabberSeg as a semantic perception compo-
nent for reliable robot autonomy in UAV emergency landing.
By combining feature/prompt reuse with embedded runtime
optimization, BlabberSeg increases CLIPSeg from 1.81Hz

Fig. 4: GPU power consumption during accelerated infer-
ence.

Fig. 5: GPU temperature during accelerated inference.

to 16.78Hz on Jetson Orin AGX while preserving practical
safe-landing outcomes in DOVESEI. Overall, the results sup-
port open-vocabulary semantics as a feasible and reliability-
relevant layer for onboard autonomous safety pipelines.
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