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1 Introduction

This section is an overview of the thesis, dealing the potential of vision-based navigation and scene
understanding, focusing on aerial imagery analysis and reconstruction. The main questions addressed
are:

• Can we navigate an environment using only camera input?

• How well do we need to understand the environment for effective navigation?

• How can we leverage and improve existing map data?

• Can all basic processing be performed on a drone?

The research is divided into four main areas: Localization, Mapping, Scene Reconstruction, and
Interactive Scenes.

1.1 Localization

Localization is crucial for autonomous navigation, especially in urban environments where GPS signals
may be unreliable. Vision-based localization offers a robust alternative, drawing inspiration from
human visual capabilities. The challenge lies in developing efficient algorithms that can run on limited
compute budgets typical of drone hardware.

Recent work in aerial image localization has shown promising results. For instance, [1] proposed a
method for ground-to-aerial geolocalization by learning a shared embedding space for both ground and
aerial images. [2] extended this idea to wide-area image geolocalization using aerial reference imagery.

1.2 Mapping

Building on localization, robust road mapping is essential for navigation and can provide a foundation
for using intersections as localization landmarks. The goal is to bridge the gap between existing map
data and real-time visual information.

Early approaches to road detection in aerial images relied on manually designed features [3–5].
Deep learning techniques have led to significant improvements, with [6] and [7] among the first to
apply convolutional neural networks (CNNs) to this task.

More recent approaches have focused on leveraging context and multi-scale information. [8] pro-
posed a dual-stream network that processes both local and global context, showing particular effec-
tiveness in handling complex urban scenes.

1.3 Scene Reconstruction, Navigation, and Representation

This area focuses on creating accurate world replicas for advanced simulations, heritage preservation,
and enhanced user experiences. It explores the synergy between geometric and analytical methods for
novel view synthesis and investigates efficient representations for low-cost, vision-focused navigation
systems.
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Depth estimation from monocular images has seen significant progress, driven by advances in
deep learning. [9] demonstrated the feasibility of training CNNs to predict depth from single images.
Unsupervised and self-supervised learning techniques, such as those introduced by [10] and [11], have
gained popularity as they alleviate the need for expensive ground truth depth data.

The field of 3D reconstruction has seen a paradigm shift with the introduction of Neural Radiance
Fields (NeRF) by [12]. NeRF represents scenes as continuous volumetric functions and has demon-
strated impressive results in novel view synthesis. Subsequent work, such as Instant-NGP [13], has
focused on improving efficiency and scalability.

For large-scale aerial reconstruction, traditional photogrammetry techniques remain widely used.
Structure-from-Motion (SfM) pipelines, such as COLMAP [14], can reconstruct 3D scenes from large
collections of unordered images. However, these methods often struggle with the scale and complexity
of city-scale reconstructions.

1.4 Interactive Scenes

The final area addresses the challenges of generating views for imperfect replicas and integrating
virtual characters into reconstructed environments. It also explores the potential of generative art in
human-machine interaction, particularly in conveying emotions.

In the context of human-AI interaction, there has been growing interest in generating appropriate
emotional responses from virtual agents. [15] have explored the use of computational models of emotion
to drive the behavior of virtual characters. [16] has investigated data-driven approaches to generate
realistic facial expressions for virtual agents in real-time.

1.5 Motivation and Applications

The motivations behind this research include:

• Developing robust, vision-based localization systems for airborne devices to enhance safety in
urban areas.

• Demonstrating the feasibility of vision-only navigation, building on successes in niche areas like
drone racing [17] and simulated environments [18].

• Enabling automatic, large-scale map updates through the combination of precise localization and
visual recognition.

• Improving 3D reconstruction quality by exploiting complementary information from classical and
neural methods.

• Creating plausible novel views to fill information gaps in reconstructed scenes.

• Designing efficient algorithms suitable for embedded use, ensuring autonomous agents can operate
safely even in the event of network failures.

1.6 Related Work

The field of aerial image analysis has evolved from early approaches using manually designed features
[3–5, 19, 20] to modern deep learning techniques. Significant advancements have been made in semantic
segmentation, with methods like those proposed by [8] and [21] improving accuracy in complex urban
scenes.

Geolocalization research has progressed from traditional feature-matching methods [22, 23] to deep
learning approaches that learn robust representations [1, 2]. In the context of UAV navigation, vision-
based localization has been explored as an alternative or complement to GPS [24].

Depth estimation and 3D reconstruction have seen significant advancements, from early learning-
based approaches [9] to more recent unsupervised techniques [10, 11]. The introduction of Neural
Radiance Fields (NeRF) [12] has revolutionized novel view synthesis, with subsequent work focusing
on improving efficiency and scalability [13].
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Safe landing area estimation for UAVs has evolved from methods based on hand-crafted features
[25] to deep learning approaches [26]. Recent work has explored the use of synthetic data to address
the limited availability of labeled training data [27].

In the �eld of human-AI interaction, research has progressed from traditional approaches to emotion
recognition [28] to deep learning methods [29]. Work on generating appropriate emotional responses
from virtual agents [15] and real-time facial expression generation [16] has opened new avenues for
natural and intuitive interfaces.

1.7 Conclusion

This research stands at the intersection of computer vision, robotics, and human-computer interaction.
It builds upon existing foundations while introducing novel techniques to advance the state-of-the-art
across these interconnected domains. The work has potential implications for autonomous navigation,
urban planning, 3D modeling, and the development of more intuitive AI systems.

By addressing these challenges, the research aims to contribute to the development of more robust,
e�cient, and intelligent autonomous systems capable of understanding and interacting with complex,
real-world environments. The interdisciplinary nature of the work highlights the potential for cross-
pollination of ideas between di�erent sub�elds of computer vision and robotics.

2 Localization from roads and intersections in aerial images

2.1 Introduction

Aerial image analysis has important applications in automated mapping, urban planning, environment
monitoring and disaster relief. This chapter addresses the task of automatic geolocalization of aerial
images from recognition and matching of roads and intersections. We propose a novel pipeline for
geolocalization, from road and intersection detection to identifying the geographic region by matching
detected intersections to manually labeled ones from OpenStreetMap (OSM). This is followed by
geometric alignment between detected roads and OSM annotations. We test on a dataset of aerial
images from two European cities and use OSM for ground truth road annotations. Experiments
show accurate localization when training on one city and testing on the other, even with relatively
poor quality aerial images. We also demonstrate that alignment between detected roads and OSM
annotations can improve road detection quality.

2.2 Related Work

Road detection in aerial imagery has been addressed using manually designed features [3, 4] and
more recently convolutional neural networks [6, 7]. Some methods attempt to correct misaligned
road vectors by aligning them to aerial images [30]. Geolocalization for UAVs using sparse manually
designed features has been proposed [24]. Other approaches fuse camera input with GPS and IMU
data [31, 32]. Geolocalizing ground images using aerial image pairs has also been explored [1, 2].

2.3 Approach

Our method has several stages:
Road pixel-wise classi�cation using a dual stream local-global CNN [33]. Intersection detection

based on the detected roads. Matching detected intersections to a stored dataset of OSM intersec-
tions using learned descriptors. Geometric alignment for improved localization and road detection
enhancement.

We use intersections as anchors for localization as they are sparse, computationally e�cient, and
tend to have unique surrounding road patterns useful for recognition.

2.3.1 Road and Intersection Detection

For road detection, we use a state-of-the-art dual stream local-global CNN [33] that combines local
appearance and larger contextual information. For intersection detection, we train an adjusted AlexNet
that takes as input the RGB image and estimated road map.

3



Figure 1: Enhancing road detection by region recognition and geometric alignment to OSM roads.
Our procedure improves detected road maps and could correct OSM labels.

Table 1: Localization errors before and after alignment (in meters)
Method Before After

Mean Median Mean Median
1NN pix2pix 470.50 53.90 57.97 1.60
1NN MSMT Stage 1 34.11 31.65 454.79 1.40
MSMT with LocDecoder-R-2 88.92 53.90 57.97 1.60
MSMT with LocDecoder-S-128 9.03 6.85 1.89 0.75
MSMT with LocCombined 26.93 7.27 18.42 0.78

2.3.2 Intersection Matching and Localization

We represent each intersection by a learned descriptor such that identical intersections from detected
and OSM roads have similar descriptors. We �ne-tune the intersection detection network to adjust
distances in descriptor space and improve matching performance. Localization is re�ned by geometric
alignment between estimated roads and OSM roads in regions centered at matched intersections.
We use a bipartite graph matching approach to �nd correspondences between detected and OSM
intersections.

2.3.3 Geometric Alignment and Road Enhancement

We use the Iterative Closest Point algorithm to align the road segmentation with OSM roads at the
predicted location. We developed a simpli�ed version that only estimates translation, assuming images
are aligned with cardinal points. To enhance road detection, we apply soft dilation on the estimated
road map, multiply it with the aligned OSM map, smooth with a Gaussian �lter, and thin using
non-maximum suppression.

2.4 Experiments

We collected aerial images of two European cities (A and B) aligned with OSM road maps. City A has
4027 512x512 pixel images used for training, while city B has 3177 images used for testing. The spatial
resolution is 1m/pixel. For road and intersection detection, we achieve an F-measure of 82.22% on
the European Roads Dataset [34] and 99.88% on our localization dataset with 3-pixel relaxation. For
localization, 96.84% of test locations have an error <20m without alignment. After alignment, 94.56%
are within 2.5m and 97.58% within 5m of ground truth, comparable to commercial GPS accuracy [35].
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2.5 Conclusions

We presented a complete system for geolocalization from aerial images without GPS. Our pipeline
includes e�cient methods for road and intersection detection, intersection recognition with geometric
alignment for accurate localization, and road detection enhancement. The approach could be used as
a GPS alternative or in conjunction with GPS for applications requiring o�ine or real-time processing.
Future work could focus on improving detection speed, expanding the search space to multiple cities,
and adapting the pipeline for nighttime use.

3 Detecting roads and buildings in aerial images

3.1 Introduction

Recognizing roads and intersections in aerial images is a challenging problem in computer vision
with applications in UAV localization and navigation. While recent deep learning approaches have
improved pixel-level segmentation, we argue roads should be recognized at the higher semantic level of
road graphs. We present a two-stage method: 1) Detect roads and intersections with a novel dual-hop
generative adversarial network (DH-GAN) for pixel-level segmentation. 2) Find the best covering road
graph using smoothing-based optimization (SBO). We also present a multi-stage improvement of this
pipeline.

3.2 Road Detection with DH-GAN and SBO

Our DH-GAN architecture consists of two conditional GANs: the �rst generates road segmentations,
while the second generates intersections using both the original RGB input and the road segmentation
from the �rst GAN (Figure 2). The full architecture is trained end-to-end. We represent roadmaps

Figure 2: Proposed DH-GAN architecture.

as graphsG = ( V; E), where V are nodes with positions (x i ; yi ) and E are edges with associated
line segments. We de�ne edge costc(i; j ) as the average distance to the nearest road point in the
segmentation, and overall graph scoreS(V ) as the intersection over union between the dilated graph
and pixelwise map. Our SBO approach optimizes node locations to maximizeS(V ), starting from
intersections found by DH-GAN and iteratively adding midpoints. We also apply a greedy sampling
baseline for comparison. We evaluate on the European Road Dataset [33], with 200 training, 20
validation, and 50 test images. Tables 2-3 show our results compared to baselines. DH-GAN
outperforms other methods in pixel-level accuracy. The graph-based approaches (DH-GAN+Greedy
and DH-GAN+SBO) trade some accuracy for signi�cant storage savings (Table 4). Qualitative results
are shown in Figure 3.

3.3 Multi-Stage Ensemble Approach

We propose a three-stage method for road extraction:
1. Train multiple U-net-like networks with di�erent dilation rates for road and intersection segmen-

tation. 2. Combine partial predictions with RGB input in another network for improved segmentation.
Generate road vectors using SBO. 3. Add missing links using both segmentation and road vectors.
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Method F-measure
GAN [36] 77.70%
LG-Seg-ResNet-IL [37] 81.06%
U-net [38] 79.79%
DH-GAN 84.05%
DH-GAN + Greedy 80.81%
DH-GAN + SBO 81.74%

Table 2: Road detection results. Higher is better.

Labeling Type Method F-measure
OSM GAN [36] 54.89%

DH-GAN 63.01%
DH-GAN + Greedy 31.81%
DH-GAN + SBO 59.79%

Independent GAN [36] 64.42%
DH-GAN 82.65%
DH-GAN + Greedy 43.42%
DH-GAN + SBO 86.00%

Table 3: Intersection detection results. Higher is better.

Method Vertices Edges
LG-Seg-ResNet-IL [37] 782* -
DH-GAN 1345* -
DH-GAN + Greedy 23 21
DH-GAN + SBO 19 17
OSM (ground truth) 29 31

Table 4: Average storage cost. Lower is better. *Vertices obtained by thinning roads to single pixel
width.
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Figure 3: Qualitative results for road detection and map generation using graphs.

Table 5: Roads segmentation results on our training/validation split.

Model Our Training Our Validation
IoU F1 IoU F1

Max dilation 32 0.6432 0.7824 0.6483 0.7883
Max dilation 48 0.6577 0.7913 0.6601 0.7957
Max dilation 64 0.6591 0.7919 0.6640 0.7966

We use the DeepGlobe Dataset [39] with 6226 training, 1243 validation, and 1101 test images. Our
U-net variants use chained dilated convolutions with di�erent maximum dilation rates (32, 48, 64).
We also train a network on constant-width roads. Results are shown in Tables 5-??.

We found that training on thicker roads improved performance (Table 6).

3.4 Conclusions and Future Work

We presented two approaches for road detection in aerial imagery:
1. DH-GAN with SBO for e�cient road graph extraction, combining deep learning and graph

optimization.
2. A multi-stage ensemble approach using multiple dilation rates and road vector re�nement.

Both methods show improvements over baselines. Future work includes improving existing maps,
multi-level representations combining ground and aerial views, and addressing road width variations.
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Table 6: Road thickness study using Max dilation 32 model.

IoU Our Training IoU Our Validation

Same width Thin ( � 4m) 0.6282 0.6123
Thick (2x thin) 0.6918 0.6751

Variable width Thin (original) 0.6432 0.6483
Thick (2x thin) 0.7254 0.6889

Figure 4: NGC can put together di�erent interpretations of the dynamic scene, such as 3D structure,
pose, motion, semantic segmentation of objects and activities in di�erent regions of space and time,
into a uni�ed neural graph, in which multiple paths reaching a given node become teacher through
consensual agreements to any single edge net reaching the same node. Trained in this self-supervised
manner, NGC can reach robust unsupervised learning in the face of unlabeled data. The scene in the
�gure is taken from a virtual environment used to collect data for our experiments.

4 Towards a complete understanding of the world with a drone

We aim to better understand the world from multiple representations. First, we present SafeUAV, a
safe landing solutions that leverages depth and surface normals to output safe landing regions. We
then present Neural Graph Consensus, a self-supervised algorithm for improving scene understanding
based on a diverse set of representations, as shown in Figure 4.

4.1 Safe landing for UAVs

We propose SafeUAV-Net, an embeddable system based on deep convolutional networks for depth and
safe landing area estimation using only RGB input. We produce a synthetic dataset and train on it,
showing compelling performance on real drone footage.

4.1.1 SafeUAV-Net for depth and plane orientation estimation

We aim to predict depth and classify plane orientation into three classes: horizontal, vertical and
other. Our tasks are related to semantic segmentation as we predict a categorical value for each pixel.
We use a variant of the U-Net model proposed by [40] for aerial image segmentation. We developed
two variants: SafeUAV-Net-Large runs at 35 FPS on Nvidia's Jetson TX2, while SafeUAV-Net-Small
runs at 130 FPS. The detailed architectures are described in Figure 5.

4.1.2 Dataset

We construct our virtual dataset using Google Earth [41] 3D reconstructions. The dataset consists of
11,907 samples in an 80
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Figure 5: Our proposed SafeUAV-Nets for both on-board and o�-board processing, trained for depth
estimation and plane orientation prediction.

Table 7: HVO prediction results for SafeUAV-Net-Large and SafeUAV-Net-Small trained on full
dataset.

Model Input Accuracy Precision Recall mIoU

U-net [38] RGB 0.729 0.560 0.505 0.356

DeepLabv3+ [42] RGB 0.840 0.753 0.739 0.597

Small RGB 0.823 0.728 0.693 0.551

Large RGB 0.846 0.761 0.748 0.607

4.1.3 Experiments

We report qualitative and quantitative results on depth estimation and HVO segmentation on all four
regions from our dataset. Tables 7 and 8 show the results. Our experiments on unseen synthetic test
cases show that our system is numerically accurate while being fast on an embedded GPU. We believe
the use of our approach on commercial drones could improve 
ight safety in urban or suburban areas
at high speeds and complement on-board sensors.

4.2 Semi-Supervised Learning for Multi-Task Scene Understanding using
Neural Graph Consensus

We propose Neural Graph Consensus (NGC), a novel model for semi-supervised learning of multiple
scene interpretations. NGC connects multiple deep networks into a large neural graph, where each
node represents a di�erent interpretation of the scene (e.g., depth, semantic segmentation, pose). The

Table 8: Results on depth estimation for SafeUAV-Net-Large and SafeUAV-Net-Small trained on full
dataset. Errors are expressed in meters.

Model Input RMSE Meters

U-net [38] RGB 0.041 9.63

DeepLabv3+ [42] RGB 0.034 8.49

Small RGB 0.031 7.22

Large RGB 0.026 6.09
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Iteration 0 Iteration 1 Iteration 2
Representation Evaluation Metric EdgeNet NGC Distil. EdgeNet NGC Distil. EdgeNet
Depth L1 (meters) 4.9844 3.4867 4.2802 3.2994 3.9508
Surface Normals (C) L1 (degrees) 8.4862 7.7914 8.2891 7.4503 7.6773
Surface Normals (W) L1 (degrees) 11.8859 8.8248 10.7500 8.5282 8.6714
Semantic Segmentation mIOU 0.4840 0.4978 0.4980 0.5258 0.5159
Wireframe Accuracy 0.9617 0.9655 0.9654 0.9661 0.9655
Position L2 (meters) 25.7597 15.5383 20.0204 12.0764 15.5599
Orientation L1 (degrees) 3.8439 2.5001 3.3961 2.2088 3.0005

Table 9: Results for our proposed ensemble NGC and distilled EdgeNets on 6 representations, over 2
iterations of unsupervised learning.

edges between nodes are deep networks that transform one representation into another. The NGC
model is illustrated in Figure 6.

Figure 6: Neural Graph Consensus (NGC) model architecture

4.3 Neural Graph Consensus Model

Each nodei in the graph has an associated layerL i , encoding a speci�c view or interpretation of the
space-time world. Layers at nodes can be predicted from other layers by deep nets forming edges in
the graph. During unsupervised learning, each net becomes a student of the NGC graph and is trained
by the mutual consensus from contextual pathways reaching the same output node. NGC becomes a
self-supervised system where agreement is the ultimate teacher for unlabeled data.

4.3.1 Experimental Analysis

We capture a large dataset using a customized CARLA simulator [43], where a drone 
ies above a
city predicting scene depth, 3D surface normals, absolute 6D pose, scene wireframe, and semantic
segmentation from a single image. We developed a general NGC framework on top of PyTorch [44].
For EdgeNets we used Map2Map and Map2Vector architectures, each with about 1.1M trainable
parameters. The total NGC model has 27 edge nets, totaling about 30M parameters. Table 9 shows
results for our proposed ensemble NGC and distilled EdgeNets on 6 representations over 2 iterations of
unsupervised learning. We compared NGC with state-of-the-art multi-task learning methods NDDR
[45] and MTL-NAS [46], and semi-supervised learning method CCT [47]. Tables 10 and 11 show the
results.

Figure 7 visualizes the improvements achieved by NGC over baseline single-task models for various
scene understanding tasks.
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