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ABSTRACT:

Applying our proposed neural network architecture to UAV footage shot in static environments, we can extract
depth maps from stabilized monocular footage. A new navigational synthetic dataset is used for training purposes; it
simulates aerial imagery shot in stiff situations using a gimbal stabilized monocular camera. We suggest a multi-
range architecture for unrestricted UAV flying based on this network, which uses flight data from sensors to create
accurate depth maps for an outdoor setting free of obstructions. Using both simulated and real-world UAV f-light
data, we test our approach. Results for synthetic scenes with a little orientation noise are provided quantitatively,
demonstrating that our multi-range architecture enhances depth inference. (a) — (c) In Figure 1. One option for
stabilizing a camera is a mechanical gimbal; another is to use dynamic cropping from a fish-eye lens; and a third is
to use a handheld camera. An accompanying movie provides a more in-depth presentation of our findings.

1. INTRODUCTION:

An essential challenge for UAVs and autonomous vehicles in general is scene understanding from vision.
Finding out how deep each pixel is in a series of camera-shot images is the main focus of this work. Since
the majority of UAV flight systems incorporate a speed estimator, we may assume that we know the
camera's velocity and, by extension, the displacement between the two frames, which resolves the scale
invariance uncertainty in the depth map.

Environment scanning, using depth-based sense and avoid algorithms, and lightweight embedded systems
with only a monocular camera are just a few of the difficulties that could benefit from this issue's
resolution. Putting less emphasis on depth The UAV can be liberated from its constraints in terms of
weight, cost, and functionality by including sensors like stereo vision, ToF cameras, LiDar, or Infra Red
emitters and receivers. In particular, most RGB-D sensors have limited range and can be inefficient when
we need long-range information, such in trajectory planning, and some of them can't work in sunlight (like
IR and ToF) [7]. Depth from motion, in contrast to RGB-D sensors, is displacement-agnostic, meaning it
can withstand fast speeds or large distances, as we can choose from a variety of displacements in prior
frames.

Using a synthetic dataset and an input-only fully convolutional neural network trained on a pair of images
captured at different times, we developed an end-to-end learning architecture for calculating these depth

maps. The depth is supplied as an output without any preprocessing, such as optical flow computation or
visual odometry.
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Fig. 1. Camera stabilization can be done via a) mechanic gimbal or b) dynamic cropping from fish-eye
camera, for drones or ¢) hand-held cameras

During training, we used a fixed displacement magnitude on a dataset of picture pairs that had random translation
motions but no rotation.Two factors provide credence to the idea that videos without rotation can nevertheless be
effective: Consumer drones equipped with inertial measurement unit (IMU) stabilised cameras or handheld steady-
cams have made hardware rotation compensation a thing of the past (Fig 1). The vestibulo-ocular reflex (VOR) and
human eyesight are somewhat related to this movement [2]. Even though turning our heads doesn't cause our
eyeballs to point in a specific direction, our inner ear and other biological senses enable us to adjust for parasite
rotation when we look in a certain direction.

An technique for actual condition depth inference from a stabilized UAV is proposed, making use of the trained
network. The genuine depth map is computed using sensor displacement, which differs from the synthetic constant
displacement images solely in terms of size. A posteriori optimization of the depth inference is also possible with
our network's output. We can reduce the depth error for the next inference by modifying the frame shift to obtain a
displacement that would give the network the same disparity distribution as during training. For instance, the ideal
displacement between any two frames is greater at long distances, leading to a larger shift. In addition, we achieve a
high level of accuracy for both nearby and distant objects, regardless of distance, provided that the UAV is
sufficiently moved away from them, by utilizing multiple batch inference to calculate numerous depth maps focused
on a certain range. These maps are then fused together.

2. RELATED WORK

Many other types of visual problems, including categorization [13] and hand-written digits recognition
[14], have lately seen extensive usage of Deep Learning and Convolutional Neural Networks.A variety of
training solutions have been developed to solve depth from vision, one of the neural network problems
examined. A neural network may learn end-to-end depth or disparity on certain datasets [6], [19], [15],
[22], [4]. Unsupervised training for depth from a single image or disparity between two frames of a stereo
setup have both made use of projection error [20], [23] and [12], [5], respectively.
Although intriguing, depth from a single image has a big flaw—overfitting. While decorrelating them is
possible, the network is not given any motion during inference, and the depth that results is inferred from
context.While this method may be enough for situations when the road is directly in front of the camera, it
may not be suitable for use in UAV flights due to the potentially diverse sights that may be encountered.
However, for aerial stabilized film to look realistic, depth from a stereo pair is needed because it only
implies one lateral movement and doesn't include a forward component.

The majority of algorithms do not depend on deep learning, and the state-of-the-art approaches to depth
from complicated movement captured by a monocular camera typically make advantage of motion,
particularly structure from motion [1, 17, 11]. A sparse depth map is inferred using prior knowledge about
the scene; the density of this map often increases with time. The sparse point-cloud based 3D maps
produced by these techniques, which are also known as SLAM, necessitate extensive computation to
maintain track of the scene structure and align newly detected 3D points to the existing ones. Unstructured
movement, which includes translation and rotation of varying magnitudes, is the usual application for these
methods.

We aim to create a dense depth map (i.e., one in which every point has a valid depth) by combining two

separate but equally timed images taken by the same camera, with no further information about the scene or
the subject's movement (apart from the fact that they are not rotated) and by applying a scale factor.

3. END-TO-END LEARNING OF DEPTH INFERENCE
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We setup an end-to-end learning workflow by training a neural network to explicitly predict the depth of
every pixel in a scene, from an image pair with constant displacement value. This was inspired by flow
estimation and disparity, a problem to which there exist many very convincing methods [8], [10].

3.1STILL BOX DATASET

Using Blender, a rendering program, we construct our own synthetic dataset and use it to create an
infinite number of stiff scenes. These scenes are made up of fundamental 3D primitives, such as cubes,
spheres, cones, and tores, and their textures are randomly selected from an image set that was scraped
from Flickr (see Fig. 2).The scene is filled with arbitrarily sized items, and walls are created at
enormous distances, making it look like the camera is within a box (thus the name). Every scene
features the same constant speed camera movement in an equally distributed random direction. This
movement can be in any direction, from forwards and backwards to laterally (thus resembling stereo
vision).

3.2 DATASET AUGMENTATION
Our dataset is structured as a film with ten images, where each frame is associated with its ground truth
depth. Because of this, we can decide on a posteriori distances distribution where the time difference
between the two frames is changeable. A three-frame baseline shift allows us to, for example, presume
a depth three times greater than for two consecutive frames (a one-frame shift). Negative shift is
another option to think about; it will simply alter the direction of displacement and have no effect on
the speed value. This way, we may avoid training a scene recognition algorithm that would
underperform on a validation set due to over-fitting and obtain more uniformly distributed depth values
to learn with a fixed dataset size. We can also de-correlate photos based on depth.

3.3 TRAINING FOR DEPTH INFERENCE

Our network, which we call DepthNet, takes its cues from the original FlowNetS [3], which was
developed for flow inference. We present a synopsis of its architecture (Fig. 3) and performance here;
a detailed description can be found in [18]. After each convolution (with the exception of depth
modules), there is a layer for ReLU activation and Spatial Batch Normalization. Rectified Linear Unit
(ReLU) is the common activation layer [21], and batch normalization promotes convergence and
stability during training by transforming a convolution's output from a batch of numerous inputs into a
single value with a mean and standard deviation of 1 [9]. The input is reduced to one feature map—the
predicted depth map—at a given scale by the use of convolution modules, which are known as depth
modules. Notably, FlowNetS originally employed LeakyRelLU, which exhibits a non-null slope for
negative values; nevertheless, our problem was better addressed by RelLU, as demonstrated by our
testing.
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Fig. 2. Some examples of our renderings with associated depth maps (red is close, purple is far)

A key component of this network is the merging of upsampled feature maps with their matching
previous convolution outputs; for instance, combining Conv2 and Deconv5 outputs. Information that is
more firmly tied to pixels (due to fewer downsampling convolutions) is subsequently utilized for
reconstruction and is correlated with higher semantic information.
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Fig. 3. DepthNet structure parameters, Conv and Deconv modules detailed above

70



International Journal of Advanced Research in Information and Communication Engineering (IJARCSA)
ISSN: 2321-8940 Vol.5, Issue No 2, 2025

Fig. 4. Findings for 512 x 512 photos taken from DepthNet64 progresses from 128 to 256 to 512. Up top: input,
down below: Ground Truth depth, lower-right: our network output Error (128x128), green indicates no error, while
red indicates depth that is exaggerated, blue that is understated With its straightforward supervised learning
procedure, this multi-scale design has shown to be highly effective for flow and disparity computing. The primary
goal of this experiment is to demonstrate the efficiency of direct depth estimate with respect to unknown translation.
We adopt a multi-scale criterion similar to FlowNetS, where each scale is assessed by its L1 reconstruction error:

Loss= Y “.-.~ﬁ22|35['¢-ﬂ—L'.«ﬂ'f-.” (1)
W, e

sEscales

Where,
e vysis the weight of the scale, arbitrarily chosen.
o (Hs,Ws) = (1/2sH,1/2sW) are the height and width of the output.
e (s is the scaled depth groundtruth, using average pooling.
e fsis the ouput of the network at scale s

In addition to the more traditional techniques like flips and rotations, we augment the dataset with data utilizing
various shifts, as mentioned before. Assuming its depth is 100m everywhere, we additionally give sample pairs
without shift and clamp depth to a maximum of 100m. This means that the trained network can only deduce depths
below 100 meters. From 64x64 to 512x512, we trained on images with a wide range of input sizes. Learned mean
L1 reconstruction error is displayed in Fig. 4. The network's output is downsampled by a factor of 4 in relation to the
input size, just like FlowNetS.

LI1Error RMSE
Network frain | feal : frain | fest
FlowNetS 54 1.60 4.16 | 4.25 | 747
DepthMety, 226 | 4.49 | 506 | 844
U FlowMNetS oy ooy wong enia | 008 | 244 0 100 [ 477
DepthMetes w125 1.20 307 | 343 | 6.30
DI:T.ll.hNCI(“ #1238 e 200 0.876G 244 2640 4.99
DepthMetyy 108 vaas en1e | LO9 | 248 | 286 | 4.0
DepthMetes wni12 102 257 | 2.81 h.13
DepthMetsyx 1.74 4.50 | 4.91 #2.62

TABLE I. Quantitative results for depth inference networks. FlowNetS is modified with 1 channel outputs (instead
of 2 for flow), trained from scratch for depth with Still Box, subscript indicates fine tuning process.
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Fig. 5. Result on 512x512 real images input from a Bebop drone footage
4. CONCLUSION AND FUTURE WORK

Along with a methodology for dynamic range real flight computation, a very complete dataset for stabilized
film analysis, and a new approach to calculating dense depth maps from motion, we also offered a method.
All types of path planning, including long-range obstacle bypassing and collision avoidance, can be
covered by this algorithm's very flexible application to depth-based sense and avoid algorithms.

Watching this video will give you a better idea of what the results are. The download link for the DeepNet
Results video is http://perso. ensta-paristech.fr/"manzaner/Download/ECMR2017.mp4. In the future, we
aim to apply our path planning algorithm and build a real-world fine-tuning dataset utilizing film from
unmanned aerial vehicles (UAVSs) and an initial comprehensive 3D offline scan. Instead of relying on
subjective metrics, we could now quantify the quality of our network for real footages. Unsupervised
methods based on re-projection errors, as described in [23], are another option.

Our team is also confident in our network’s ability to be enhanced with reinforcement learning features,
which might lead to a fully functional end-to-end sense and avoid system for monocular cameras. However,
the requirement that a scene be rigid is the main limitation of our method. This will never happen, and
although while unmanned aerial vehicle footage is less likely to have objects in motion than autonomous
driving film, this problem will still arise anytime a moving target needs to be followed. As in [20], it may
be necessary to calculate an explicit camera and moving target movement equation in order to resolve this
issue. Regardless, fully convolutional networks alone may not be enough to solve this problem, as we
demonstrated in this study.
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