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Article

Hybrid Deep Learning Framework for Eye-in-Hand
Visual Control Systems
Adrian-Paul Botezatu , Andrei-Iulian Iancu and Adrian Burlacu *

Faculty of Automatic Control and Computer Engineering, “Gheorghe Asachi” Technical University of Iasi, D. Mangeron 27,
700050 Iasi, Romania
* Correspondence: adrian.burlacu@academic.tuiasi.ro

Abstract: This work proposes a hybrid deep learning-based framework to visual feedback control
an eye-in-hand robotic system. The framework uses an early fusion approach in which real and
synthetic images define the training data. The first layer of a ResNet-18 backbone is augmented to
fuse interest-point maps with RGB channels, enabling the network to capture scene geometry better. A
manipulator robot with an eye-in-hand configuration provides a reference image, while subsequent
poses and images are generated synthetically, removing the need for extensive real data collection. The
experimental results reveal that this enriched input representation significantly improves convergence
accuracy and velocity smoothness compared to a baseline that processes real images alone. Specifically,
including feature point maps allows the network to discriminate crucial elements in the scene, resulting
in more precise velocity commands and stable end-effector trajectories. Thus, integrating additional,
synthetically generated map data into convolutional architectures can enhance the robustness and
performance of the visual servoing system, particularly when real-world data gathering is challenging.

Keywords: visual servoing, deep learning, early fusion, robot vision

1. Introduction
Visual servoing [1,2] is an advanced control technique that uses visual feedback to dynamically

guide and adjust robot movements in real time. This technique utilizes data from cameras and visual
sensors to provide feedback on the robot’s environment and object interaction, enabling precise and
adaptive control. [3,4]. Numerous studies and advances in visual servoing have been conducted so far
in domains such as end-effector pose control of a manipulator [5], [6], grasping [7–11], robot navigation
[12,13] or in medical applications [14–16]. The visual sensor can be positioned either on the robot itself,
known as the "eye-in-hand" configuration, or elsewhere in the workspace, known as the "eye-to-hand"
configuration. This paper will focus on examining the eye-in-hand configuration.

Visual servoing can be generally classified into two main types: Image-Based Visual Servoing
(IBVS) and Position-Based Visual Servoing (PBVS). The first architecture, IBVS, operates directly in
the image space using visual features extracted from camera images to control robot motion [17]. The
primary advantage of IBVS is its robustness to camera calibration errors and environmental changes,
as it does not rely on precise 3D models. Instead, IBVS adjusts the robot’s position based on real-
time feedback from image features, making it suitable for dynamic and unpredictable environments.
However, IBVS’s challenges are its sensitivity to local minima and the complexity of handling large
displacements, which can lead to instability and inaccuracies. In contrast, PBVS uses the geometric
relationship between the camera and the target object to calculate the robot’s pose in 3D space. [18] This
method relies on an accurate camera calibration and a precise model of the environment to compute
control commands. PBVS provides a global view of the task, allowing for more predictable and stable
control than IBVS. However, its dependence on accurate models and calibration makes it less robust to
environmental changes and errors in model estimation.
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Recent advancements in deep learning have demonstrated significant potential for improving
visual feedback control [8–11,19]. Unlike traditional methods that rely on manually crafted features,
deep learning techniques enable systems to learn and extract features automatically from raw visual
input. Convolutional Neural Networks (CNNs) have proven particularly effective when working
with images because they can autonomously learn pertinent features specific to a given problem
without predefined feature extraction techniques. For example, [19] presents a training procedure for a
CNN to aproximate the unknown inverse dynamics of the robot’s inner-loop, allowing feedforward
compensation to correct tracking error. The network is trained on data gathered from iterative learning
control and then refined by transfer learning with real robot data to handle model discrepancies and
improve performance.

To facilitate rapid training, numerous neural architectures have been developed based on CNNs
pre-trained for classification tasks, such as AlexNet [20], VGG-16 [21], and FlowNet [22]. In [8], Saxena
et al. used FlowNet to conduct visual servoing tasks across different environments without requiring
prior knowledge of camera parameters or scene geometry. Their approach involved predicting the
camera’s pose by entering concatenated images representing the current and the final desired scenes.
Bateux et al. [9] presented neural architectures derived from AlexNet and VGG-16, designed to predict
transformations in a camera using two images. These architectures were tailored for high-precision,
robust, real-time six-degrees-of-freedom (DOF) positioning tasks utilizing visual feedback. They
employed a synthetic training dataset to enhance learning efficacy and improve robustness against
changes in lighting conditions. [10] introduced DEFINet, a Siamese neural architecture designed to
extract features using two CNNs that share parameters. These features are then fed into a regression
block to estimate the relative pose between the current and target images captured by an eye-to-hand
camera. Ribeiro et al. [11] compared three CNN-based architectures for grasp detection, where the
neural network provides a 3D pose using two input images depicting the initial and final scene layouts.
The first architecture employs a single branch, where the images are concatenated along the depth
dimension to form the input array, and a single regression block generates all six outputs. The second
model uses the same input array but has two separate output branches for position and orientation.
Conversely, the third CNN uses separate feature extractors for each input image, concatenates the
extracted features, and then uses a single regression block. Experimental results indicated that the
first model, which utilizes a single branch, delivered the best performance. A different approach
is proposed in [23], where the authors propose a novel Mean Similarity Image Measurement Loss
function that incorporates image similarity characterized by brightness, contrast, structural differences,
and the L1 loss function. The methodology uses a convolutional neural network (CNN) based on
the ResNet-152 architecture to predict 6-degree-of-freedom (DOF) pose information from monocular
images. The training data is generated using a spherical projection data generator, which ensures
uniform data distribution and efficient collection. Experimental results demonstrate that the proposed
method achieves higher pose prediction accuracy and robustness against occlusion than traditional
methods.

This work aims to design and evaluate a hybrid deep learning framework for visual servoing
tasks. The proposed approach incorporates additional valuable information into the input layers and
leverages transfer learning from a CNN pre-trained for image classification. The chosen architecture
employs an early fusion approach, enabling the integration of supplementary data derived from
traditional visual servoing methods. In particular, the supplementary data that extends the network’s
input arrays is a set of point features.

The research introduces a visual servoing system (VS) designed to process visual feedback, which
is fully trained and tested on a real dataset. The system operates without requiring any 3D model or
camera parameter information. Given a desired image, the network predicts the most appropriate
velocity commands for the camera. The main contributions of this work are:
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• design of a VS framework utilizing an early fusion CNN-based method that employs feature
points to access low-level pixel information. This design comprehensively describes the initial
and final scenes for all neural inputs.

• construction of a large dataset for end-to-end VS control using a Universal Robot manipulator
(UR5) and implementation of the network in a real robot as an extension of [24]

• implementation of the Deep Learning-based Visual Servoing control law in a real system using a
UR5 robot

2. Hybrid Deep Learning Visual Servoing
To enable visual feedback control, camera-based visual information is used to determine the

desired motion of a 6-DOF robot. The proposed approach incorporates features commonly suggested
by traditional visual servoing methods and reconfigures them for direct integration into the neural
network’s input layers. A key step in this process is converting the visual data into two-dimensional
feature maps that match the size of the original RGB images. By leveraging these feature maps,
differences between the initial and final scenes are highlighted, thereby guiding the CNN’s feature
extractor to focus on regions most likely to yield valuable high-level features on the real-time visual
servoing system.

2.1. Feature Points Maps

In previous work [24], three approaches to compute additional visual features were proposed,
classified by offering different levels of details:

• feature points can be considered as low-level information, as they pinpoint exact regions in the
image where one or more objects of interest appear

• segmented regions can be considered as mid-level information, offering a broader understanding
of an object’s location and attributes by partitioning the image into distinct areas

• image moments can be considered high-level information by summarizing the distribution of
pixel intensities within an image. This summary can estimate the object’s pose and separate linear
from angular camera velocities.

The experimental results from [24] indicated that the best results were obtained with feature points
and segmented regions. Therefore, for the real-time implementation, feature points are considered as
additional information for the early fusion-based architecture.

Enhancing the input data to the convolutional neural network involves incorporating information
derived from interest point operators. These operators are designed to identify key locations in an
image while maintaining robustness to scale, rotation, and image quality variations. The resulting
interest points, typically obtained from camera images, can compute the discrepancy between the
robot’s current and desired positions relative to a target object or feature.

Previous studies have utilized various point detectors to extract distinctive image characteristics
and estimate robotic motion. For instance, in [25], the authors present a visual servoing strategy
based on SIFT feature points to track a moving object. This method employs a camera mounted on
an anthropomorphic manipulator to preserve a specified relative pose between the camera and the
objects of interest. Their findings demonstrate that SIFT features, invariant to scale and rotation, can
reliably track an object along a trajectory. The remaining stable feature points enable the recovery of
the camera’s motion through epipolar geometry, ultimately determining the robot’s joint angles via
inverse kinematics. Another interesting technique is presented in [26], where the authors introduce an
object-tracking technique utilizing SURF local feature points. Their visual servo controller extracts
geometric features from the detected interest points, ensuring robustness against occlusion and changes
in viewpoint. The effectiveness of this approach was validated using a robotic arm equipped with a
monocular eye-in-hand camera operating in a cluttered environment.

The proposed approach examines the effect of early fusion on the performance of the SURF (Speed-
Up Robust Features) [27] operator. SURF was selected for its demonstrated efficiency, robustness
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against noise, and rapid computation. Spatial information about object locations within the scene can
be learned by employing a map of detected SURF points. SURF achieves this by approximating the
Hessian matrix using integral images, facilitating fast and reliable feature detection. Incorporating
these interest point variations from the initial to the final frame can provide additional context for a
CNN, ultimately enhancing its ability to discern differences between frames and improving its overall
performance.

Algorithm 1 details the procedure for generating additional maps, where detected feature points
are represented with higher grayscale values than the surrounding pixels. The process begins by
converting the input RGB images to grayscale and applying a pre-existing SURF feature detection
algorithm. The identified points are then transferred into a two-dimensional map that aligns with
the early fusion template proposed in this work. Their neighborhoods are defined using a Gaussian
filter with a size fs and a standard deviation of size fsd. Finally, the resulting map is produced by
combining the neighborhoods surrounding all the feature points. Figure 1 provides an example of
SURF detections in a scene containing multiple objects. Here, the maps were generated with fs = 73
approximately 10% of the smallest dimension of the original images and fsd = 5. This augmented
information helps guide the CNN to more effectively discern differences between the initial and final
configurations, ultimately enhancing the accuracy of the regression task.

Figure 1. Example of original images (left) and their corresponding points of interest maps (right).

Algorithm 1 Generation of Feature Point Maps Using SURF

Require: An RGB image I (e.g., I1 or I2)
1: Convert I to grayscale, producing Ig.
2: Apply a feature detection algorithm (e.g., SURF) to Ig to obtain feature points pi, for i = 1, . . . , n.
3: Construct a Gaussian kernel K of size fs with standard deviation fsd.
4: For each feature point pi, create a map Igi of the same dimensions as Ig. Each Igi is zero everywhere

except in the neighborhood of pi, which is defined by the kernel K centered at pi.
5: Form the final map A (of the same size as Ig) by taking the pixel-wise maximum across all Igi :

A(x, y) = max
i=1,...,n

Igi (x, y).

Ensure: Feature point map A (e.g., A1 or A2)

2.2. CNN-Based Visual Servoing Control

Traditional approaches to visual feedback control often rely on precisely crafted features or
geometric computations. In contrast, the proposed framework adopts an early fusion strategy that
integrates SURF feature point maps with RGB images, overcoming the focus on standard visual inputs.
This methodology enhances the contextual information available to the neural network, improving the
robustness and accuracy for specific visual servoing applications. The key element of the proposed
approach involves integrating additional contextual data directly with RGB data. By performing this
integration early on, the model learns how visual information correlates with control commands,
leading to a more unified and precise control mechanism.

The proposed network architecture is illustrated in Figure 2, where the input tensors are con-
structed by concatenating the following arrays along the depth dimension:
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• I1, an M× N × 3 RGB image representing the initial scene configuration.
• I2, an M× N × 3 RGB image representing the desired scene configuration.
• A1 and A2, each of size M × N, which are additional feature maps derived from I1 and I2,

respectively. These maps provide supplementary information that can enhance the learning
process.

Figure 2. Hybrid deep learning framework.

Given that the additional information are feature points maps, the resulting array will be of size
M× N × 8, because the concatenation is performed on depth. Therefore, each pixel in the final array
will incorporate RGB values and the derived feature points. This direct concatenation allows a neural
network to access visual and interest-point information simultaneously without needing separate
input channels. This early fusion method also ensures against possible inaccuracies in detecting feature
points since the original images I1 and I2 are retained in the input, allowing the CNN to glean essential
information directly.

The expanded input tensors, which have a greater depth to accommodate the extra maps, then
pass through a feature extraction module composed of convolutional and pooling layers. This mod-
ule’s primary role is to generate a condensed representation of the input, facilitating the subsequent
computation of linear and angular velocities. While the details of the feature extraction and fully
connected layers can vary, they should be tailored to the input and output dimensions of the network.
A common practice is to adopt a CNN trained initially for image classification, such as ResNet [28],
and adapt its architecture for regression tasks. In this work, ResNet-18 is modified by adjusting its
final layers to handle regression outputs and, depending on the type of additional maps, the first
convolutional layer is revised to account for the increased number of input channels.

An advantage of the proposed framework lies in its promise for real-time functionality. The
modifications introduced by the proposed framework do not substantially increase the complexity of
the deep model but instead focus on altering the input arrays. The SURF-incorporated maps require
two auxiliary maps to depict the initial and final scenes, each having dimensions M× N and pixel
intensities ranging from 0 to 255.

A further modification arises in the first convolutional layer since pre-trained networks assume
RGB inputs and possess filters of size WF×F×3, where F is the filter dimension. These filters expand
to W∗F×F×8 in the proposed framework. While the original weights can be used as an initialization, it
is essential to account for the relevance of the newly incorporated maps. Specifically, the channels
associated with I1 and I2 can inherit WF×F×3. In contrast, the remaining two channels (whether
segmentation or feature-point maps) are initialized through a grayscale conversion of the pre-trained
RGB weights

W∗F = 0.299 WR + 0.587 WG + 0.114 WB, (1)
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where W∗F represents the updated filter obtained by merging the red (WR), green (WG), and blue
(WB) channels of WF×F×3. These parameters are further fine-tuned during training to align with the
regression objective.

All layers from the pre-trained model can be retained within the fully connected block except
for the final layer, which should consist of six neurons—one for each camera velocity to be estimated.
Additionally, the activation function in the last layer must permit both positive and negative outputs,
thus excluding certain nonlinearities such as ReLU. By way of illustration, ResNet-18 layers are
incorporated into the architecture shown in Figure 2, which results in an SURF feature maps-based
early fusion architecture.

3. Dataset Configuration
For the actual system to effectively perform the visual servoing task, it is essential to construct

a dataset that accurately reflects the environmental characteristics in which the robot will operate.
This dataset must address the task’s requirements and demonstrate enough variability to ensure
strong generalization. The data collection scenario employs a UR5 collaborative robot fitted with an
“eye-in-hand” setup based on a ZED Mini stereo camera. Figure 3 presents the real-time application
setup used for this work.

Figure 3. Real-time application setup.

Figure 4 shows how this robotic system’s physical and computational layers are unified through
ROS (Robot Operating System). The physical layer comprises a ZED Mini camera and a UR5 robot
observed in Figure 3, linked by motion dependency so that any robot movement directly affects the
captured visual data. The camera acquires images and sends them through USB to the camera node in
the computational layer. At the same time, the robot concurrently transmits its pose data to the robot
node via Ethernet.
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Figure 4. System Architecture for Visual Servoing Using ROS.

Within the ROS-based computation layer, the application node operates as the primary central
unit, utilizing GPU acceleration to handle image and pose data efficiently. Using this information, it
calculates velocity commands and relays them to the robot node, thereby directing the UR5 robot’s
real-time movements. This integrated design ensures precise data acquisition and processing, forming
the backbone for robust visual servoing and broader generalization.

To create the dataset, a strategy inspired by [9] was adopted, in which an entire dataset is
synthetically generated from a single reference RGB image and its corresponding pose. Figure 5
presents the reference pose used in this work which was acquired with the camera at the pose
(−0.46224 m, −0.45865 m, 0.74603 m, 0.07905 rad, −0.01007 rad, −0.84502 rad).

Figure 5. Example of reference image used for synthetic generation.

One effective strategy for generating additional camera views around a known reference pose is
introducing slight perturbations in translation and rotation. Specifically, the translation components
(tx, ty, tz) and rotation components (rx, ry, rz) are drawn from a Gaussian distribution

X ∼ N (µ, σ2), (2)

where µ = 0 centers the distribution at the reference pose, and σ2 determines the variations of the
poses. This approach naturally clusters samples around the reference due to the Gaussian peak at zero
offset and maintains a smooth distribution over the six dimensions of rigid motion.
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To ensure realistic camera movement, the Gaussian parameters must be carefully set. In particular,
translational offsets are sampled with a standard deviation σt = 0.01[m], while rotational offsets use
σr = 2◦ for rx and ry, and σr = 4◦ for rz. These values keep the new poses within small but meaningful
deviations from the reference. Moreover, incorporating bounds for both translation (e.g., ±σ) and
rotation guards against implausibly significant shifts while promoting diversity in the synthesized
dataset.

Even though these offsets arise from a Gaussian, some poses may still be unrealistic for a specific
application. One can impose bounding rules on each newly sampled pose to address this. After a
perturbation is drawn, the camera’s 3D position and rotation angles are examined to ensure they
remain within fixed limits, for instance ±α radians for rotation or ±δ meters for translation. This
validation step ensures that synthetic viewpoints stay within a feasible range, filtering out outliers
with excessive displacement or rotation.

Once a sampled pose is obtained, it is checked against specific thresholds. For instance, allowable
shifts in the x and y directions might be set to ±0.1 meters, with ±0.15 meters permitted in z. Likewise,
rotational changes could be limited at ±45◦ relative to the original orientation. Any pose outside these
bounds is discarded and resampled. This mechanism maintains a balanced spread of valid viewpoints
without straying into physically unrealistic regions achieved by the UR5 robot.

When the camera encounters a minor alteration in pose while observing a planar region of the
scene, the connection between the original and new images can be described by a homography [29]. In
computer vision, a homography is a projective mapping that takes points from one image of a planar
surface to their counterparts in another image captured under a pinhole camera model. This concept
underpins key operations, such as image registration and rectification, that align images from differing
viewpoints [30,31]. Formally, if x1 and x2 represent the homogeneous coordinates of corresponding
points in the first and second images, respectively, they are related by

x2 ≈ Hx1, (3)

where ≈ indicates equality up to a scale factor, consistent with the nature of homogeneous coordinates.
Consider a plane specified by nTX + d = 0, where n is the normal and d is the distance from the

camera. The homography for a planar surface in 3D can be written as

Hplane = Rrel +
trel nT

d
, (4)

where Rrel and trel denote the rotation and translation between the two viewpoints. Including the
camera intrinsic matrix K yields the final 2D projective transformation,

H = K
(

Rrel +
trel nT

d

)
K−1, (5)

which fully describes how to warp the original image to approximate the new viewpoint.
The matrix K encodes the camera’s internal parameters: horizontal and vertical focal lengths

( fx, fy) and the principal point (cx, cy). Incorporating K ensures consistent projection into the image
plane for both the reference and transformed poses. Since variations in focal length or principal point
placement can greatly alter how transformations appear in pixel coordinates, applying K and K−1 on
either side of the homography is crucial for accurate image warping.

During homographic transformation, some regions in the warped output may lack corresponding
pixels in the source image. To fill these missing points, a background color is estimated using a k-means
clustering approach. The reference image is reshaped into a set of pixel-value vectors, and k-means is
run (with a small number of clusters, selected empirically) to identify the dominant color. The cluster
containing the largest number of pixels is assumed to represent the background, and its centroid is
used for filling. This ensures newly exposed areas match the overall appearance of the scene.
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One can generate numerous new images from a single reference by iteratively sampling random
perturbations, checking them against spatial and rotational bounds, and computing the resulting
homographies. Each warped image corresponds to a distinct but still constrained viewpoint in
proximity to the original pose. Such synthetic datasets are highly valuable for algorithm development
in fields like feature tracking, camera calibration, or visual odometry, where coverage of various
positions and orientations is beneficial. Algorithm 2 summarizes the main steps explained earlier.

Algorithm 2 Synthetic Dataset Generation

1. INPUT: reference image and pose.
2. Sample random perturbations in translation and rotation from N (0, σ2).
3. Check if the new pose is within predefined bounding limits (translation/rotation).
4. If out of bounds, discard and resample.
5. If valid, compute the homography H and warp the reference image.
6. Fill invalid pixels using a dominant background color derived from k-means clustering.
7. OUTPUT: warped image and the associated perturbed pose.

An example of using Algorithm 2 is illustrated next. Starting from a reference image depicted in
Figure 5, two randomly generated images are shown in Figure 6. The image on the left was synthetically
generated at the pose (−0.38871 m, −0.41068 m, 0.66408 m, 0.13634 rad, 0.19467 rad, −0.97939 rad),
while the image on the right was synthetically generated at the pose (−0.466311 m,−0.41514 m, 0.75626
m, −0.04307 rad, −0.041247 rad, −0.75348 rad)

Figure 6. Illustration of synthetic viewpoint generation using homography-based warping.

As Figure 2 shows, the early fusion-based CNN architecture predicts velocities, so a conversion
from poses to velocities is necessary to train the network. The velocities were computed by converting
the difference between the current and desired robot poses into velocity commands. Specifically,
given the initial and desired robot poses represented by Euler angles and positions, homogeneous
transformation matrices are first constructed. The relative transformation between these two poses
is computed, and the rotational component is extracted using axis-angle representation. Finally, a
proportional control law is applied to determine linear and angular velocities, employing a control
gain parameter λ. Algorithm 3 succinctly summarizes this process, illustrating how the velocity vector
vc is derived directly from pose information, thus enabling efficient and precise visual servoing control.

The experimental results are detailed in the following section.
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Algorithm 3 Pose-to-Velocity Computation

Require: Current pose Pcurr = [xc, yc, zc, ϕc, θc, ψc], Desired pose Pdes =
[xd, yd, zd, ϕd, θd, ψd], control gain λ

1: Compute rotation matrices from Euler angles:

Rcurr ← Rz(ψc)Ry(θc)Rx(ϕc), Rdes ← Rz(ψd)Ry(θd)Rx(ϕd)

2: Construct homogeneous transformation matrices:

Tcurr ←
[

Rcurr pc
0 1

]
, Tdes ←

[
Rdes pd

0 1

]
,

where pc = [xc, yc, zc]T , pd = [xd, yd, zd]
T

3: Compute relative transformation:

T∆ = T−1
currTdes =

[
R∆ th
0 1

]

4: Extract rotation using axis-angle representation:

θ = cos−1
(

trace(R∆)− 1
2

)
, u =

1
2 sin θ




R∆(3, 2)− R∆(2, 3)
R∆(1, 3)− R∆(3, 1)
R∆(2, 1)− R∆(1, 2)


,

only if trace(R∆) ̸= 0, θ ̸= 0◦, θ ̸= 180◦

5: Compute linear and angular velocities:

vc =

[
vc
ωc

]
=

[−λ(th + [th]×θu)
−λθu

]

Ensure: Velocity vector vc, with the components (vx, vy, vz, ωx, ωy, ωz)

4.1. Training setup 326

Using the method described in Section 3, 600 synthetic images were generated. To 327

create all the pairs from this set, a binomial coefficient was considered, which represents 328

the number of ways to choose k items from n options, mathematically expressed as: 329

(
n
k

)
=

n!
k!(n− k)!

.

For each pair (I1, I2), reversed order (I2, I1) was also included, effectively doubling the final 330

count of pairs to 359400 sampling data. This procedure results in a comprehensive sampling 331

of relative poses between any two images in the dataset, a sampling being represented by 332

the triplet [Idesired, Icurrent, (vx, vy, vz, ωx, ωy, ωz)]. These triplets were divided into three 333

groups for training, validation, and testing. Specifically, 70% 334

Table 1 presents the key hyperparameters and computational settings used during 335

training. The Adam optimizer is used with a piecewise learning rate schedule and an 336

initial rate of 1× 10−4. A mini-batch size 256 per GPU is employed to leverage the parallel 337

processing capabilities of three NVIDIA A100 Tensor Core GPUs, each equipped with 338

40 GB of memory. To mitigate overfitting, an L2 regularization term of 1× 10−3 is applied. 339

Training progresses for 100 epochs, and the validation process is triggered once per epoch, 340

after every Number of Samples
Mini-Batch Size iterations, with a patience of 10 for early stopping. The loss 341

4. Experimental Results
This section highlights the significance of extra input-level information in a neural architecture

through an experimental analysis conducted for the previously introduced approach. Using Resnet-18
as baseline, the architecture was modified following Figure 2, with the input array defined for input
images of size 227× 227.

4.1. Training Setup

Using the method described in Section 3, 600 synthetic images were generated. To create all the
pairs from this set, a binomial coefficient was considered, which represents the number of ways to
choose k items from n options, mathematically expressed as:

(
n
k

)
=

n!
k!(n− k)!

.

For each pair (I1, I2), reversed order (I2, I1) was also included, effectively doubling the final count
of pairs to 359400 sampling data. This procedure results in a comprehensive sampling of relative
poses between any two images in the dataset, a sampling being represented by the triplet [Idesired,
Icurrent, (vx, vy, vz, ωx, ωy, ωz)]. These triplets were divided into three groups for training, validation,
and testing. Specifically, 70%
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Table 1 presents the key hyperparameters and computational settings used during training. The
Adam optimizer is used with a piecewise learning rate schedule and an initial rate of 1× 10−4. A
mini-batch size 256 per GPU is employed to leverage the parallel processing capabilities of three
NVIDIA A100 Tensor Core GPUs, each equipped with 40 GB of memory. To mitigate overfitting, an
L2 regularization term of 1× 10−3 is applied. Training progresses for 100 epochs, and the validation
process is triggered once per epoch, after every Number of Samples

Mini-Batch Size iterations, with a patience of 10 for
early stopping. The loss function is defined as the root mean squared error (RMSE), which is well-suited
for the regression objective of this work.

Table 1. Summary of Training Parameters.

Parameter Value and Information

Training optimizer Adam
Mini-Batch Size 256 ×number of GPUs

GPU Setup 3 x NVIDIA A100 Tensor Core GPU with 40 GB
Number of Epochs 100

Initial Learning Rate 1× 10−4
L2 Regularization 1× 10−3

Learning Rate Schedule Piecewise
Learning Rate Drop Factor 0.1
Learning Rate Drop Period 30

Validation Frequency Number of Samples
Mini-Batch Size

Validation Patience 10
Loss function Root Mean Squared Error

4.2. Offline Results

To evaluate the performance of the trained neural models, the mean squared output error (MSE)
is adopted for testing samples. Being a recognized metric in regression tasks, the MSE measures the
average squared difference between the predicted and actual velocity values. By examining the MSE
across the various datasets, one can infer the model’s ability to generalize and its effectiveness in
accurately estimating the target velocity vectors. The MSE over all output channels for a particular
dataset is defined in (7)

MSE =
1

6S

S

∑
k=1

6

∑
c=1

(
yt

c(k)− ynet
c (k)

)2
, (6)

where S denotes the number of samples in the dataset, yt
c(k) is the ground truth, and ynet

c (k) represents
the network’s output for the cth channel of the kth sample.

Table 2 presents the MSE computed for the testing dataset, where MNOEF stands for the model
which takes ResNet-18 as baseline and does not include the early fusion approach at the neural input
level, while the second model MEF stands for the model designed by the architecture proposed in
Figure 2 with SURF feature points as additional data.

Table 2. MSE for Offline testing dataset (×10−6).

CNN vx [m/s
×10−6]

vy [m/s
×10−6]

vz [m/s
×10−6]

ωx [rad/s
×10−6]

ωy [rad/s
×10−6]

ωz [rad/s
×10−6]

Testing

MNOEF 0.7369 0.8008 0.4929 6.1049 4.9577 3.2307
MEF 0.6116 0.6623 0.3741 5.0881 3.6200 2.5350

The experiment demonstrates that additional maps assist CNNs in concentrating on significant
details. Consequently, the early fusion model achieves more precise approximations, indicating the
value of the extra input data for the visual servoing task.
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4.3. Online Results

Figure 7 presents the online testing scenario that was considered, with the corresponding desired
configuration (left) and initial configuration (right). The desired image was acquired at the pose
(−0.46224 m, −0.45865 m, 0.74603 m, 0.07905 rad, −0.01007 rad, −0.84502 rad), while the image on the
right was acquired at the pose (−0.47159 m, −0.46760 m, 0.54849 m, −0.02763 rad, 0.26327 rad, −1.26799
rad).

Figure 7. An online testing scenario considered for the VS task.

Figures 8 and 9 provide a comprehensive visualization of the real-time evolution of velocity
commands during online testing of the two visual servoing strategies based on Deep Learning. In
these experiments, a comparison is made between the ResNet approach without early fusion and the
ResNet architecture with early fusion. For the considered scenario, λ was set at 0.25. The real-time
result can be found online at https://www.youtube.com/watch?v=_Voi6tL2Xcs.

Figure 8. Velocities analysis for ResNet with early fusion.
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Figure 9. Velocities analysis for ResNet without early fusion.

In Figure 8, linear and angular velocities decline gradually, showing minimal oscillations across
all components. This gradual decay indicates that error compensation is happening in a more con-
trolled manner, with fewer abrupt compensatory adjustments as the camera nears the target view.
The additional SURF feature maps guide the network toward more reliable identification of scene
discrepancies, allowing it to issue velocity updates that consistently reduce error. Building on this
observation, one can see that each velocity component in Figure 8 peaks early on and then consistently
decreases gradually without large secondary spikes. For instance, the velocity along the camera’s
ωz axis, which typically shows the most substantial influence on image rotation, stabilizes near zero
faster than in the non-fusion approach. This suggests that the integrated features give the network a
more direct handle on rotational misalignment, thus minimizing the likelihood of repeated corrective
“twists” over time.

In contrast, Figure 9 displays more noticeable fluctuations in velocity commands. While these
trends decrease over time, the oscillations suggest that the system occasionally overcorrects before
readjusting its course, causing extra velocity cycles to increase and decrease. In practical terms, these
fluctuations may extend convergence or create unstable movement. Consequently, the early fusion
strategy, which merges raw RGB data with SURF-based feature maps, demonstrates a more direct
route to alignment between current and desired images, delivering smoother control signals and a
quicker approach to near-zero velocities in both linear and angular coordinates. Notably, this less stable
convergence pattern implies that the network may struggle to discern minor yet critical discrepancies
between the current and desired views without explicit feature map guidance. As a result, it can
inadvertently apply larger corrective commands than necessary, followed by counter-corrections to
compensate for these excesses. Consequently, repeated overshoots in the velocity curves suggest
that the servoing loop deals with insufficient or ambiguous visual feedback, prompting corrective
commands that exceed the ideal target.

Figure 10 presents the pixel-level mean squared error for the two earlier analyzed architectures.
The MSE between a reference (desired) image A and each current image that is acquired from the
robot, I, is defined by

MSE(A, I) =
1

H ×W × C

HWC

∑
k=1

(
Ak − Ik

)2, (7)

where H, W, and C denote the image’s height, width, and number of color channels, respectively.
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Figure 10. Early fusion vs non-early fusion MSE comparison.

As observed, the architecture based on the early fusion approach demonstrates the lowest overall
error, which most effectively minimizes the pixel-level discrepancy between the reference image
and each newly acquired view during the robot’s motion. The Mean Squared Error (MSE) values
of 1000 and 2000 correspond to the pixel-level squared errors between images obtained from the
early fusion and non-early fusion approaches, respectively. Since MSE is expressed in squared pixel
units, the average pixel error is determined by taking the square root. Therefore, an MSE of 1000 for
the early fusion method translates to an average pixel error of approximately

√
1000 ≈ 31.62 pixel

intensity values per RGB channel. The non-early fusion method, with an MSE of 2000, results in a
significantly higher average pixel error of approximately

√
2000 ≈ 44.72. Considering an M× N × 3

image, this notable difference underscores the superiority of the early fusion approach, providing
images substantially closer to the reference or desired configuration.

From the neural architecture point of view, by combining additional feature descriptors like SURF
points with the raw RGB data, this architecture utilizes more comprehensive visual information, which
leads to more precise image-space alignment as the robot converges to the target pose. Meanwhile, the
ResNet architecture without early fusion yields the highest error, indicating that relying exclusively
on RGB data for velocity prediction lacks the essential details required for accurate pixel-level align-
ment. Overall, these pixel-level MSE results confirm that the early fusion strategy provides superior
performance in matching the current camera view to the desired reference image.

5. Conclusions
This paper presents a novel hybrid deep learning approach to visual servoing control systems. As

a main contribution, the approach integrates raw RGB image data with feature point maps using an
early fusion architecture. This innovative methodology offers several key advantages over traditional
visual servoing techniques, paving the way for more robust and efficient robotic control in dynamic
environments. The seamless integration of diverse data sources is a crucial element of this work,
improving performance metrics across various aspects of the visual servoing pipeline.

A contribution of this research is the creation of a comprehensive dataset combining real-world
data captured using a UR5 robotic arm in an eye-in-hand configuration and a synthetically generated
dataset. This dual approach addresses the limitations of relying solely on real or synthetic data.
Real-world data captures the complexities and nuances of real-world scenarios, including lighting
variations, occlusions, and unforeseen disturbances. However, collecting sufficient real-world data can
be time-consuming, expensive, and potentially dangerous. Synthetic data, on the other hand, allows
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for generating vast amounts of labeled data under controlled conditions, addressing the limitations of
real-world data acquisition. Combining both datasets provides a rich and diverse training ground for
the deep learning models, leading to improved generalization and robustness.

Two distinct neural network architectures based on the robust ResNet framework were designed
and trained using this combined dataset. One architecture directly incorporated additional feature
maps into the input layer, while the other processed the RGB and feature map data separately before
fusion. A comparative analysis of these architectures demonstrated the superior performance of the
early fusion approach, which combines the raw RGB images and feature point maps at the earliest
stage of the network’s processing. This early fusion strategy proved particularly effective in enhancing
offline prediction accuracy and the convergence speed of the online servoing process. The results
indicate the benefits of integrating diverse data sources to achieve superior performance in visual
servoing tasks.

Looking ahead, some promising directions exist for extending this work. First, investigating
alternative real-time representations, such as optical flow or depth-based maps, may provide more
accurate contextual information for the neural architecture. Another interesting aspect of future work
may involve refining the network to predict not just the velocity commands but also the 3D pose of the
robot or camera in space.
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