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Abstract—The Visual-Action Reinforcement Integrator for
Actor-Critic with Temporal Observations (VIRIATO) is a com-
pact multi-input feature-extractor architecture designed to enable
robust visual navigation of Unmanned Aerial Vehicles (UAVs)
conducting close-range inspection of photovoltaic arrays. The
target task of low-altitude flight over dynamic, visually variable
surfaces without privileged information is inherently partially
observable. VIRIATO augments stacked image observations with
a short history of recent past actions, producing a richer latent
state for the Soft Actor-Critic (SAC) agent. Training is performed
with domain randomization to expose the policy to diverse
lighting, backgrounds and panel layouts. In simulation, VIRIATO
yields faster learning and improved sample efficiency compared
to a standard image-only Convolutional Neural Network (CNN)
feature extractor, achieving lower position and yaw errors and
substantially better robustness under image perturbations while
retaining high task completion rates. The architecture is in-
tentionally simple and general: it improves temporal awareness
without adding complex recurrence, and it could be adapted to
other perception-driven robotic tasks. These results demonstrate
that integrating historical action data with visual encoding,
together with domain randomization, is an effective way to
achieve reliable autonomous vision-based navigation.

Index Terms—Reinforcement Learning (RL), Visual naviga-
tion, Unmanned Aerial Vehicles (UAVs), Domain Randomization,
Photovoltaic (PV) array inspection, Simulation.

I. INTRODUCTION

Photovoltaic (PV) power is expanding rapidly, with large-
scale PV farms emerging as key components of a decarbonized
electricity system. Global cumulative PV capacity has sur-
passed 2 TW for the first time [1] and is expected to sustain
robust growth in the coming years.

At utility scale, Operation and Maintenance (O&M) is
essential to maintain energy yield and long-term asset value.
Traditional manual inspections are time-consuming, labor-
intensive, and can require shutdowns, creating bottlenecks
as PV capacity and plant sizes increase. Aerial inspection
using UAVs has emerged as a practical alternative: industry
reports and case studies show that UAV-based thermal and
visual surveys can cover large areas orders of magnitude faster
than ground-based manual inspections at significantly lower
cost [2]. Reported case studies indicate substantial gains in
inspection speed and cost when using UAVs for utility-scale
PV monitoring [2, 3].

Although UAV-based inspections significantly reduce time
and operational costs compared to traditional surveys, de-
pendence on human pilots is inefficient for scaling routine

operations [4]. Moreover, regulation in Europe currently re-
quires visual Visual Line-Of-Sight (VLOS) for most opera-
tions, unless specific Beyond Visual Line-Of-Sight (BVLOS)
approvals are granted [5], which restricts the continuous large-
scale deployment of human-piloted missions.

Mission planning software, reliant on accurate Global Navi-
gation Satellite Systems (GNSS) inputs, has been essential for
covering large inspection areas, typically carried out at higher
altitudes [6]. This approach can be effective in environments
where accurate GNSS inputs are available. However, this is
not the case for the PV farm in the Alqueva reservoir shown
in Figure 1. The farm, Europe’s largest floating solar plant in
a reservoir, is subject to positional drift, and the main practical
limitation is the moving-panel geometry. Using traditional
mission planning software, these areas can only be inspected if
the UAV operates at a higher altitude to cover the entire site,
resulting in low detail images, possibly missing panel flaws
that would otherwise be detected.

Fig. 1: The floating PV solar plant at the Alqueva reservoir.

In such cases, flying an UAV at low altitude would allow the
capture of high-resolution images for effective fault detection.
However, the camera’s Field Of View (FOV) must be precisely
aligned with the panels to ensure optimal data quality. In this
scenario, alignment could be achieved through autonomous
navigation guided by a visual camera.

II. RELATED WORK

UAVs can be equipped with visual, Infrared (IR) and Elec-
troluminescence (EL) sensors, each capturing complementary
fault signatures in PV inspection [7]. Effective use of these
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sensing modalities requires automation to reduce costs and
maintain data quality [8].

Typically, flight planning is simplified by operating at higher
altitudes using Boustrophedon paths', guided by predefined
GNSS waypoints. This approach creates an orthomosaic by
overlaying images, which can be examined later. Although
this approach offers a comprehensive overview of the scene,
high-altitude flight limits the resolution of individual images
and is ineffective over empty zones [10].

Numerous studies confirm the value of high-resolution
photos in PV plant inspection [8]. A flight campaign at 30 m
and 80 m above ground conducted by Gallardo-Saavedra et al.
[11] detected only 37 % and 24 % of anomalies respectively,
compared with close-up manual inspections, underscoring the
impact of resolution on fault detection. This need for high-
resolution imaging drives the evolution of UAVs from manual
or semi-automatic piloting toward fully autonomous close-
range operations [4].

Several studies have proposed solutions to meet these re-
quirements. Morando et al. [10] combine classical computer
vision techniques for solar panel detection and segmentation
with a traditional Proportional Integral Derivative (PID) con-
troller to keep the UAV aligned with the center of the panel
during flight. Their approach integrates waypoint navigation
with real-time PV panel detection, using thermal and visual
imaging, to achieve optimal inspection efficiency and data
quality. Roggi et al. [12] explores visual servoing to inspect
PV panel arrays with GNSS position errors, using the camera
FOV along with classical computer vision techniques such as
Canny Edge and Hough Lines. The results show fewer frames
with incomplete PV coverage compared to a non-corrective
approach.

However, these approaches lack robustness to variations in
lighting and environmental conditions, a common limitation of
conventional methods [13]. At the time of writing, no studies
apply end-to-end deep reinforcement learning on UAVs to
integrate perception and control for robust navigation during
PV panel array inspections. This gap highlights the relevance
of the present contribution.

III. VISUAL-ACTION REINFORCEMENT INTEGRATOR FOR
ACTOR-CRITIC WITH TEMPORAL OBSERVATIONS

A. Problem Statement

The UAV, represented by the body frame F;, = {zp, yp, 2},
will be controlled using high-level velocity commands in
the body frame, specifically w, and v,, instead of directly
controlling the rotor speeds, abstracting the low-level control
problem. The UAV will maintain a fixed altitude z and a con-
stant forward velocity v,.. This design isolates the lateral/yaw
alignment behavior that dominates close-range panel following
in the target dam scenario, reducing confounding factors
and improving training stability. Therefore, the autonomy
addressed in this work is scoped to visual lateral centering and

! Alternating-direction movement pattern used for coverage tasks in robotics
such as vacuuming, mapping, area scanning, and inspection [9].

yaw correction along a predefined inspection sweep. Although
controlling v, and z could support active perception, this was
intentionally left out to keep the benchmark focused and to
enable controlled comparison across methods. It will navigate
relative to the world frame F,, = {2, Yw, 2w} and will be
equipped with a gimbal, allowing configuration of the position
of the camera frame F, = {Z¢, yc, 2c}» as shown in Figure 2.
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Fig. 2: Camera and body frames of the UAV, shown with
respect to the world frame.

In this context, the UAV position relative to the PV pan-
els is estimated from the visual camera, which serves as
the primary observation source for the agent state. Because
sensor readings only partially observe the full system state,
the problem is formulated as a Partially Observable Markov
Decision Process (POMDP) using a model-free RL agent. As
model-free methods do not require knowledge of the transition
dynamics P(s’|s,a), the problem can be represented by the
tuple (S, A, R, O, Z), where:

o S: Set of true state space, where S; = (eq, ey) is
defined by the displacement magnitude error and the
angular error, respectively. The agent will be trained to
operate within an interval range e;; € [0,eq4 and
eyt € [0, eyp,,..]- This is illustrated in Figure 3.

o A: Set of action space of high-level body velocity com-
mands, which is defined by A, = (vy4,w,.¢), with
Uyt € [Uyin> Vymar) @0 W ¢ € [Winin, Wmax). The action
v,, Will not be included, since it will be fixed, with a
value of 0.25ms~!, which is an adequate velocity for
the inspection.

e R: The reward function S x A — R, with S and A
corresponding to the state and action spaces, depends
primarily on the current state .S; and action A;. This is
formally defined in Equation 3.

e O: The observation space of VIRIATO is an approxima-
tion of the agent’s history at time ¢, Oy = (I}, A;) ~ Hy,
where:

max ]

- I; € [0,1]H*WxF i5 a stack of normalized grayscale
pixel images, H and W are the height and width of
each frame and F' is the number of stacked frames.



- Ay € [-1,1]5%2 is a stack of the previous K
normalized action vectors and each action consists
of linear and angular velocities (v,,w,) scaled to
the range [—1,1].

o Z: The observation mapping Z uses a feature extractor
f to map raw observations O; to latent embeddings
zi := f(Oy). These embeddings approximate the agent’s
belief by accounting for environment dynamics rather
than relying solely on the previous action.
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Fig. 3: Visualization of the true state errors eq and ey.

B. Reward Function

The RL reward function was defined to encourage a reduc-
tion of the true state—space errors at each time step ¢ (eq,
€4,¢), while simultaneously increasing the individual rewards
Tpos,¢ and Tyay ¢, TESpPectively. As shown in Equation 1, these
reward components are computed using a zero-mean Gaussian
function with a task-specific standard deviation o, chosen
according to the scale of the corresponding error, such that
exp(-) € [0,1].

Tpos,t = exp(

(1

a

2
2«75) ’

The smoothness reward component is computed differently.
First, the quadratic difference between the current action a,
and the prev1ous action a;_1 is calculated, yielding Aa? =
(a¢ — at_l) Next, this difference is normalized and inverted
over the full action range, producing an error vector et norm
whose elements lie in [0,1], where O indicates an abrupt
change and 1 indicates no change in the action. These normal-
ized values are then weighted by a diagonal importance matrix
A = diag(kpos, kyaw), composed of constants kpos and Ky,

Tyaw,t = exp( -

satisfying >, k; = 1, and summed to yield the smoothness
reward 7smooth, @S shown in Equation 2.

Aa? = (a; — a_1)*
Aa?
Miff
A = diag(kpos, kyaw) @

n

Tsmooth = Z (An . (ediff_norm)i)

=1

€diff_norm = 1-—

If the agent reaches the end of the panel array within the
predefined bounds, it receives a large bonus /. Conversely,
if it reaches the state space limit or fails to complete within
the bounds, it incurs a large penalty A. These sparse rewards
are triggered by the respective Boolean signals rgoq,: and
Thoundary,¢- 'inally, these dense and sparse rewards are com-
bined into R;, the overall reward at time t. It is computed
using non-negative weights summing to unity to scale the
dense rewards, as shown in Equation 3.

Rt = wyaw 7ﬁyaw,t + wpos 7"pos,t + Wsmooth T'smooth, ¢

+ 8 Tgoal,t — A Tboundary, ¢
3)
Wyaw + Wpos + Wsmooth = 1,

subject to .
w; >0, Vi€ {yaw, pos, smooth}.

The reward constants were selected empirically in pre-
liminary tuning runs and then kept fixed for all reported
experiments: oy, = 0.10, wyew = 0.35, 0pes = 0.25,
Wpos = 0.40, Wemooth = 0.15, (Kpos; kyaw) = (0.5,0.5),
(Aamax,p057Aamax,yaw) = (2'070'6)’ B =10, (ed,th7e'¢1,lh) =
(0.25m, 3°), and A = —10.

C. Domain Randomization

To ensure consistent learning under varying conditions, the
agent was trained using domain randomization. This approach
makes each episode unique yet sufficiently similar for the
agent to understand the task. The randomization process,
partially illustrated in Figure 4, follows these principles:

Random selection from
a finite set of realistic terrains, represented by
rand (terrainy, . . . , terrainy, ), on which the PV panels are
mounted. Although the target use case is a floating PV
plant, at the operating altitude and camera pitch used for
close-range panel following, the FOV is dominated by
panel rows, making explicit water texture less influential
than panel geometry, lighting, and reflections.

« Panel Offsets: Application of positional offsets, relative
to the base panel positions, to all panels in the x and y
directions:

o Background changes:

([wpancte» Ypanet,,]) + rand ([Zpmel s Ypanety])-

o Panel layouts and UAV base positions: The panels
are arranged in three side-by-side arrays, ig, i1, and o,
corresponding to the left, middle, and right positions,



respectively. Each array offers a distinct aerial perspec-
tive of the observation conditions, allowing the agent
to occasionally capture neighboring panels within the
camera’s FOV. The three arrays are always present in
the environment, and the agent starts in the array closest
to its randomly selected base position:

rand(i07i177;2) - ([xuavia Yuav, s Yuav; = 0])

Here, 1y,y; = 0 indicates that the UAV’s yaw orientation
is perfectly aligned with the panel. The positions zay,
and yyuay, correspond to the location directly in front of
the first PV panel.

o UAV pose offset: A randomized offset is added to the
previously selected base UAV position. This offset affects
the x, y, and 1 (yaw) components of the UAV base pose
as follows:

([muan yuavw¢uavi]) + rand([xuavoffsel? Yuavossse s d)ua\'oﬂ'se(])'

« Sunlight position: The position of the Sun is randomized
by varying the azimuth and zenith angles to produce
viable daylight positions.

A Panel Position
with offset

3 Starting UAV pose - -
L0

Fig. 4: Domain randomization of the training environment.

D. Data and Architecture

The Soft Actor-Critic (SAC) algorithm [14] was chosen to
learn the optimal policy for the environment and task at hand.
It supports continuous actions and maintains stochasticity,
which can be beneficial in a POMDP [15]. As an off-policy
algorithm, SAC enables efficient reuse of past experiences,
while its model-free nature removes the need for an explicit
system model, simplifying deployment across UAV platforms.

A new feature extractor architecture was developed on top
of the CNN introduced by Mnih et al. [16]. In this design,
the original architecture was extended to also process a set

of past actions through a Multilayer Perceptron (MLP). The
embeddings produced by the CNN and MLP are then concate-
nated to form the hidden state that the SAC processes. To keep
the comparison attributable to the proposed multi-input design,
the visual branch preserves the same core convolutional scale
as Mnih et al. [16] (three convolutional layers with 32/64/64
filters and equivalent kernel/stride pattern), with only task-
driven adaptations such as input resolution and normalization
layers. Frame/action stacking is prioritised over recurrent mod-
ules (e.g., Long Short-Term Memory) to retain implementation
simplicity and off-policy sample efficiency while still injecting
short-term temporal context into the latent state.

However, this CNN does not receive the usual 84x84
images. Instead, the visual stream preserves the original 4:3
camera aspect ratio (1080x1440), resized to 96x76. Preserving
the aspect ratio is crucial for accurately observing the state,
as it provides a more precise perception of the camera’s
alignment relative to the panel.

Due to the high frame rate relative to the UAV motion,
a frame-skipping of 4 is applied. With the image buffer
organised as a 20-frame First In, First Out (FIFO) queue,
this results in 5 distinct frames representing different time

instances, as shown in Figure 5.

Fig. 5: Frame-skipping observations.

In addition to resizing, the original Red-Green-Blue (RGB)
observations are converted to grayscale. This reduces input
dimensionality and computational cost, and encourages color-
agnostic features that are less sensitive to illumination and
white-balance shifts introduced by domain randomization. The
operational scope in this work is therefore monocular daytime
visual navigation (RGB-derived grayscale), while thermal and
EL sensing are outside the evaluated system scope. A slight
(5x5) blur is applied after resizing to bias the CNN toward
broader image patterns rather than fine textures, improving
generalisation.

The CNN block processing the stacked images comprises
three convolutional layers:

o Convl: 32 filters, 8 x 8 kernel, stride 4;
o Conv2: 64 filters, 4 x 4 kernel, stride 2;
o Conv3: 64 filters, 3 x 3 kernel, stride 1.

Each convolution is followed by a Rectified Linear Unit
(ReLU) activation and a Group Normalization layer (Group-
Norm, G = 8). After the final ReLU, the output is flattened
and fed into the projection block. This block includes a linear
layer followed by Layer Normalization and a ReLU that
projects the image features to an embedding of size (N, 512).
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Fig. 6: Feature extractor architecture with normalized actions for the SAC algorithm.

The action history is stored in a FIFO queue of length
K = 10 (stacking actions ay,...,a;—g) at approximately
10 Hz, representing about one second of past actions. These
normalized actions form a tensor of shape (NN, 10,2), which
is flattened to (N, 10 - 2) before entering the MLP block.
The MLP (velocity/action branch) consists of a hidden layer
with 128 neurons and an output layer with 64 neurons; Layer
Normalization and ReLU activations follow each linear layer.
This produces an action/velocity embedding of size (N, 64).

Finally, the image embedding (N,512) and the ac-
tion/velocity embedding (NN, 64) are concatenated to form the
final embedding of size (NN, 576). All experience (observa-
tions, actions, etc.) is stored in the replay buffer and sampled
in mini-batches of size N for training with SAC.

Figure 6 depicts the overall architecture. The SAC block is
simplified for the context. Both the actor and critic networks
use this architecture to process the observations. However,
there is no single shared feature extractor model. The weights
are neither shared nor combined between the actor and critic
networks to avoid degrading performance due to conflicting
updates. This promotes better learning, since they are opti-
mized for different tasks.

IV. EXPERIMENTAL TESTING

A. Simulation Setup

All experiments were carried out on a computer whose hard-
ware and software specifications are summarized in Table I.

This information is included to ensure the reproducibility of
the experiments and clarify the computational resources used.

TABLE I: Hardware and software specification.

Component Specification

CPU Intel Core 17-14700 K
RAM 32 GB

GPU NVIDIA RTX 4060 Ti
VRAM 16 GB

OS Ubuntu 22.04

Python 3.10.12

ROS ROS 2 Humble
Gazebo Harmonic

Arducopter 4.7.0-dev
StableBaselines3  2.6.0

Pytorch 2.5.1

OpenCV 4.10.0
Albumentations 2.0.8

To allow for the low-level control of the UAV, the Gazebo
simulation platform was integrated with the Robot Operating
System (ROS) 2 middleware and the Software-in-the-loop
(SITL) Ardupilot autopilot. A realistic 3D model of a PV
panel with reflective properties and different Physically Based
Rendering (PBR) textures were used to create a rich simulation
environment, as shown in Figure 7. The domain randomization
details mentioned previously were applied to the simulation. In
total, five random backgrounds were used during the training
process: Blue Plastic, Dirt, Grass, Gravel, and Sand.



Fig. 7: Simulation world with sand background.

To assess the performance and viability of the VIRIATO
architecture, it was compared to the well-known Deep Q-
Learning (DQN) feature-extraction CNN from Mnih et al.
[16], which served as the inspiration for this design. All
models were trained with SAC, in a total of 180 000 simulation
steps, with 3 different seeds; thus, training was budgeted
by steps rather than by a fixed number of episodes. The
reward was compared as well as the accuracy metrics of
displacement/position (eq) and angular/yaw (e,) errors. Both
architectures were trained using the set of hyperparameters
in Table II. The replay buffer size was set to the maximum
capacity allowed by the available RAM. Wind disturbances
were not explicitly modeled, since this study targets high-level
visual guidance while low-level stabilization is handled by the
flight controller. To isolate the effect of action-history integra-
tion, both models also used the same preprocessing pipeline
(grayscale conversion, blur and frame-skipping), domain ran-
domization settings and training budget; the additional action-
history branch is the distinguishing component of VIRIATO.

TABLE II: Hyperparameters used in the training of the models.

Parameter Symbol Value
Learning rate Ir 1x107*
Replay buffer size B 80°
Learning starts Nitart 5000
Batch size N 256

Soft update coefficient T 0.01
Discount factor 0% 0.99
Train frequency Sfrain 1
Gradient steps G 1

Initial entropy coefficient 1.0
Target entropy Higrger —-dim(A)
Target update interval Target 1

B. Training Performance

Figure 8a shows that VIRIATO reaches higher cumulative
reward faster than the image-only CNN baseline, indicating
better sample efficiency and learning stability across seeds.
This improvement is consistent with the lower position and
yaw errors in Figures 8b and 8c, supporting the claim that

action-history encoding helps maintain a more accurate belief
state for alignment control.
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Fig. 8: State-error performance for the VIRIATO and the
baseline model. The VIRIATO model achieves lower position
and yaw errors, indicating improved UAV to panel alignment.

C. Evaluation and Generalization

The best-performing version of VIRIATO, selected as the
one whose weights achieved the highest reward on the valida-
tion set, is evaluated across four scenarios designed to test dif-




ferent aspects of generalization. A new “Rocky” background
was included in all tests.

1) Default Test: Larger PV arrays than during training
are used to evaluate the agent’s ability to navigate plants of
different dimensions. The model achieved 100 % task comple-
tion with 72 % of episodes perfectly aligned. Perfectly aligned
means that the agent reached the end with an error of less than
0.25m and 3°. The mean position error was e; = 0.09m
and the mean yaw error was e, = 3.57°, with no significant
degradation across terrains and arrays (Table III).

TABLE III: Average Yaw and Position Errors with Standard
Deviations for all the planes and arrays in the default test.

Surface/Array ey (°) o, (°) €4 (m) oe, (m)
By Terrain
Blue Plastic 3.38 1.77 0.08 0.01
Dirt 4.51 2.60 0.09 0.04
Grass 3.18 0.94 0.10 0.05
Gravel 3.61 0.96 0.11 0.04
Rocky 3.69 0.95 0.09 0.02
Sand 3.30 1.03 0.10 0.03
By Array
Left 3.04 0.76 0.09 0.02
Middle 3.77 1.49 0.09 0.04
Right 3.75 1.87 0.10 0.04

2) Aligned Test: The PV panels are perfectly aligned to
see how the agent performs without misalignment cues. In this
test, the agent reached the end in 99 % of episodes and 71 % of
them aligned within the acceptance bounds. The failed episode
can be explained by a rare randomized sunlight condition
(outlier). As expected, errors were reduced compared to the
default test (Table IV), with the largest values on blue plastic,
coinciding with the sunlight outlier.

TABLE IV: Average Yaw and Position Errors with Standard
Deviations for all the terrains and arrays in the aligned test.

Surface/Array ey (°) o, (°) € (m) o, (m)
By Terrain
Blue Plastic 4.29 2.13 0.10 0.04
Dirt 2.96 1.18 0.08 0.01
Grass 345 2.15 0.09 0.02
Gravel 3.47 0.95 0.08 0.02
Rocky 3.56 1.64 0.09 0.03
Sand 3.73 1.10 0.09 0.03
By Array
Left 3.39 1.20 0.08 0.03
Middle 3.58 1.58 0.08 0.03
Right 3.68 1.97 0.09 0.03

3) Altitude Test: The agent flies at previously unseen
altitudes (2.5m, 2.7m and 2.9 m), which alters the perceived
size of the PV panels; during training, altitude was fixed
at 2.4m. The agent reached the end in 100% of episodes,
with 62 % of episodes falling within the alignment bounds.
The overall mean position error was g = 0.077m and the
overall mean yaw error was €y, = 3.51°. These results indicate
that the same trained model generalized across different flight

altitudes, with slightly smaller errors at the highest altitude
(Table V).

TABLE V: Average Yaw and Position Errors with Standard
Deviations for all the terrains, arrays and different altitudes.

Surface/Array/Altitude &y (°) 0e, (°) &a(m) oc, (M)
By Terrain
Blue Plastic 3.66 1.11 0.08 0.04
Dirt 342 1.50 0.08 0.03
Grass 2.83 0.96 0.06 0.01
Gravel 4.75 3.48 0.07 0.03
Rocky 4.16 2.94 0.09 0.07
Sand 2.64 0.77 0.06 0.01
By Array
Left 3.51 1.84 0.07 0.02
Middle 3.66 241 0.08 0.03
Right 3.36 2.19 0.09 0.07
By Altitude
2.5m 3.71 2.40 0.07 0.02
2.7m 3.42 2.06 0.08 0.04
2.9m 3.38 1.94 0.08 0.06

4) Image Perturbation Test: Brightness variations, noise,
flares, and blobs are applied to the camera feed to test visual
robustness. These perturbations were applied only at evalu-
ation time (not during training-time domain randomization).
The agent completed the task 98 % of the episodes with
40 % of panel alignment. The overall mean position error was
€4 = 0.11m and the overall mean yaw error was €y, = 5.35°.
The perturbations had a visible but limited impact, with most
episodes completed successfully (Table VI).

TABLE VI: Average Yaw and Position Errors with Standard
Deviations for all the terrains and arrays with image perturba-
tions.

Surface/Array ey (°) oc, (°) € (m) o, (m)
By Terrain
Blue Plastic 5.81 1.66 0.11 0.02
Dirt 5.08 1.18 0.11 0.02
Grass 5.18 1.54 0.10 0.02
Gravel 5.67 1.00 0.10 0.02
Rocky 5.34 1.12 0.11 0.02
Sand 5.32 1.18 0.11 0.02
By Array
Left 5.26 1.38 0.11 0.02
Middle 5.27 1.16 0.11 0.02
Right 5.59 1.33 0.11 0.02

V. CONCLUSION

VIRIATO delivers robust RL-based visual navigation for
UAVs inspecting PV panel arrays. By integrating visual ob-
servations with recent past actions, it constructs a richer state
representation and improves control in partially observable
environments. Compared to a baseline CNN feature extractor,
VIRIATO achieved higher cumulative reward during training
and lower positional/yaw errors.

Extensive evaluation across panel alignment, altitude, and
image perturbations confirmed the model’s generalization.



Although perturbations slightly increased error, VIRIATO
achieved near-complete task success, showing robustness.
These results highlight that multi-input feature integration
and domain randomization improve UAV autonomy for lateral
centering and orientation correction during predefined sweeps,
and suggest that the architecture could be readily adapted to
other perception-driven tasks.

At this stage, validation remains simulation-only; wind-
related disturbances are primarily handled by the low-level
flight controller, while real-world end-to-end robustness of the
proposed high-level policy remains to be verified.

Future work involves real-world deployment, integration
with other RL algorithms for further adaptability and effi-
ciency, extension to IR/EL sensing for non-daylight inspection
scenarios, and full component-wise ablations (e.g., domain-
randomization on/off and recurrent baselines).
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