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Abstract. Digital photogrammetry via OpenDroneMap (ODM) traditionally de-
mands high-performance infrastructure, restricting geospatial analysis to cen-
tralized data centers. This work investigates whether NVIDIA Jetson Nano (4
GB RAM) enables on-site photogrammetric processing with acceptable quality.
We benchmark ODM on 46 aerial images (181 MB) comparing Jetson Nano
versus Intel Core i5 desktop and reveal: (i) 8.3x slowdown in Structure-from-
Motion with 77% point cloud density reduction (1.9M vs. 8.3M); (ii) GPU uti-
lization under 2% during costly matching phases, indicating CPU-GPU algo-
rithmic misalignment; (iii) RAM saturation (80%) is the primary constraint,
not thermal. Jetson Nano is viable for inspecting small areas (under 50 im-
ages, overlap over 85%), but scalability requires heterogeneous acceleration or
larger memory capacity.

Resumo. Fotogrametria digital via OpenDroneMap (ODM) exige infraestru-
tura de alto desempenho, restringindo andlise geoespacial a centros central-
izados. Este trabalho investiga se NVIDIA Jetson Nano (4 GB RAM) viabiliza
processamento on-site com qualidade aceitdvel. Benchmark de ODM em 46 im-
agens aéreas (181 MB) comparando Jetson Nano versus desktop Intel Core i5
mostra: (i) slowdown 8,3x em Structure-from-Motion com degradacdo de 77%
em densidade de pontos (1,9M vs. 8,3M); (ii) utilizacdo GPU menor que 2%
em fases custosas, indicando desalinhamento algoritmico; (iii) saturacdo RAM
(80%) é constrangimento primdrio, ndo térmico. Jetson Nano é vidvel para
inspecdo de pequenas dreas (menos de 50 imagens, overlap maior que 85%),
mas escalabilidade exige aceleracdo heterogénea ou maior memoria.

1. Introduction

Digital photogrammetry reconstructs 3D scenes from 2D aerial imagery, enabling preci-
sion geospatial analysis essential for infrastructure monitoring, cadastral mapping, and
environmental surveys [Westoby et al. 2012]. The OpenDroneMap ecosystem provides
open-source photogrammetry pipelines [OpenDroneMap Authors 2026], reducing vendor
lock-in compared to proprietary solutions (Pix4D, DroneDeploy).



However, ODM workflows impose severe computational demands: Structure-
from-Motion (SfM) stages (feature extraction, matching, sparse reconstruction) and Multi-
View Stereo (MVS) densification typically require 32+ GB RAM and GPU acceleration,
restricting processing to fixed data centers. This centralization creates latency bottlenecks,
dependency on network connectivity, and operational inflexibility in remote field settings.

Research Question: Can constrained edge devices (Jetson Nano, 4 GB RAM) execute
photogrammetric workflows while preserving acceptable quality levels, potentially en-
abling on-site analysis and reducing dependence on centralized infrastructure?

This work evaluates the technical feasibility and performance trade-offs of ODM
on NVIDIA Jetson Nano, a compact single-board computer (SBC) designed for embed-
ded AI [NVIDIA Corp. 2026]. We establish a rigorous performance baseline and identify
algorithmic bottlenecks that inform future edge photogrammetry research.

2. Related Work and Motivation

Modern photogrammetry relies on Structure-from-Motion (SfM) via OpenCV SIFT/ORB
descriptors and Multi-View Stereo (MVS) densification. OpenDroneMap (ODM) inte-
grates these into a unified Docker-based pipeline [OpenDroneMap Authors 2026], but
assumes hardware with sufficient memory and GPU support. Prior work explores GPU
acceleration in SfM [Lowe 2004], yet ODM’s default CPU-centric workflow leaves GPU
largely idle.

The Jetson Nano represents a practical edge alternative: quad-core ARM Cortex-
AS57,4 GB shared LPDDR4, and Maxwell GPU (128 CUDA cores) [NVIDIA Corp. 2026].
Unlike datacenter approaches, edge execution reduces bandwidth and enables real-time
field decisions [Shi et al. 2016]. However, literature lacks rigorous performance evalua-
tion of photogrammetry on constrained edge platforms [Mittal and Vetter 2015].

This study contributes to this gap by providing an end-to-end benchmark of ODM
on Jetson Nano, offering insights into speed, memory, and quality trade-offs. Our find-
ings aim to support decision-making for practitioners and suggest directions for future
optimizations (GPU-accelerated matching, memory-efficient MVS).

3. Materials and Methods

3.1. Dataset and Experimental Setup

Test dataset: 46 aerial images (181 MB total), native resolution 4608 <3456 px, captured
by Canon PowerShot A3300 IS. Images exhibit 85% forward overlap and nadir viewing
angle, typical of precision agriculture and inspection workflows.

ODM Configuration:

* ——min—-num-features 10000

e ——feature—-quality high

* ——cog

* ——orthophoto-resolution 3.0
* Dense point target: “1.2M points

Platforms:



* Edge (Target): Jetson Nano 4 GB, SW power mode, swap disabled [NVIDIA Corp. 2026].
* Baseline: IdeaPad laptop, Intel Core i5 (12th gen), 16 GB RAM, Intel Iris Xe
GPU.
3.2. Profiling and Measurement

Docker container deployment: official OpenDroneMap/odm image [ODM Team 2026].
Metrics collected via jtop [Bonghi 2026] (1 Hz sampling): CPU/GPU frequency, RAM
usage, core utilization, and temperature. Wall-clock times extracted from stats. json
per pipeline stage.

4. Results

4.1. Performance Comparison: Speedup and Slowdown

The desktop completed the processing in 19m 50s, while the Jetson Nano took 2h 31m
42s (7.6 x overall slowdown).

Table 1. SfM execution time (seconds) and speedup ratio

Stage Nano (s) | Desktop (s) | Slowdown (x)
Feature Extraction 296.72 25.72 11.5
Features Matching 713.58 95.12 7.5
Sparse Reconstruction | 254.02 30.06 8.4
SfM Total 1284.71 153.61 8.3

4.2. Hardware Utilization and Bottleneck Analysis
CPU: All 4 cores sustained 100% utilization throughout the pipeline.

GPU: Remained with < 2% utilization during 95% of the execution. Sparse activation
(2-31%) appeared only during densification. This underutilization reveals that ODM’s
SfM path lacks GPU kernels for matching.

RAM: Peak consumption was 3194 MB (79.9%). Swap was disabled, forcing the densi-
fication algorithm to reduce quality to prevent OOM (Out of Memory).

Thermal: Temperature remained between 47-61°C. Computational saturation (CPU +
RAM), and not thermal throttling, was the limiting factor.

4.3. Quality Degradation Due to Memory Constraint

The desktop generated 8.3M points; the Nano produced 1.9M (77% reduction). RAM
saturation forced ODM to reduce densification recursion, an automatic and irreversible
trade-off. Figure 1 illustrates this density difference visually.

5. Discussion and Insights

The GPU remains idle because ODM lacks GPU kernels for descriptors [Lowe 2004].
Quality loss (77% fewer points) is the cost of operating within 4 GB of RAM. Viability
depends on application tolerance: structural inspection might accept 1.9M points, but
cadastral mapping likely will not [ISPRS Authors 2025]. Upgrading to a Jetson Orin
Nano (16 GB RAM) is recommended for scalability [Mittal and Vetter 2015].



Desktop: 8.3M points Jetson Nano: 1.9M points

Figure 1. Point cloud density comparison: Desktop (left) vs. Jetson Nano (right).

6. Conclusion and Future Work

The Jetson Nano (4 GB) is technically stable for small datasets (< 50 images) but limited
by RAM. Future work includes porting ORB descriptors to cuDNN, benchmarking the
Jetson Orin Nano, and evaluating memory-efficient MVS libraries like Colmap.
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