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Photometric Virtual Visual Servoing based on Gaussian Splatting
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Abstract— We present a novel approach that integrates pho-
tometric Image-Based Virtual Visual Servoing (IBVVS) with
Gaussian Splatting (GS), a recent and efficient 3D representa-
tion for photo-realistic view synthesis. In our framework, the
servoing process is performed entirely in simulation using a
GS model trained on a sparse set of images from a scene
wheras unseen images serve as target views for photometric
IBVVS. At each iteration a rendered image from the GS model
simulate the camera’s current view, and the pixel-wise intensity
error between the rendered and target images is used to
compute control commands for camera pose optimization. This
framework removes the need for externally acquired explicit 3D
geometry or precomputed dense depth maps from traditional
sensors, since depth information is implicitly obtained from the
GS representation and used directly in the control loop. The
method enables virtual servoing toward novel views that were
not captured during training. Experimental results demonstrate
accurate and smooth convergence, highlighting the potential
of learned view synthesis for 3D camera tracking and visual
servoing applications.

I. INTRODUCTION

Image-Based Visual Servoing (IBVS) is a widely studied
approach in robotics that relies on visual feedback to control
the motion of a robot or camera system. Traditional IBVS
methods use geometric features such as points, lines, or
moments, and aim to minimize the error between current
and desired image features. However, photometric IBVS
proposes a more direct approach: minimizing the pixel-
wise intensity error between the current image and a target
view. This method has demonstrated increased accuracy and
robustness, particularly in texture-rich environments.

In this work, we propose a novel framework that in-
tegrates GS, a state-of-the-art 3D scene representation for
photo-realistic view synthesis, into the photometric IBVVS
pipeline. The core idea is to train the GS model on only a
subset of the available images from a scene. The remaining
images are withheld (unseen during training) as target views
for the visual servoing task within the virtual world of GS
(hence Virtual Visual Servoing) in order to track the camera
poses corresponding to these views.

Unlike prior learning approaches that assume the target
image is available at the training time, our framework uses
real, unseen images as final objectives, while relying solely
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on rendered intermediate views from the trained model to
feed the servoing back. This design allows us to evaluate
both:

« the ability of Gaussian Splatting to generalize to unseen
viewpoints,

o the effectiveness of photometric Image-Based Virtual
Visual Servoing (IBVVS) to reach these views through
GS rendering alone.

This integration enables:

o Closed-loop virtual visual servoing without feature
matching or explicit geometric reconstruction.

e The use of learned scene priors to perform motion
control in previously unseen conditions,

e A new way to evaluate view synthesis models through
their role in visual control tasks.

We demonstrate the effectiveness of our approach in a
fully virtual environment, showing that the servoing success-
fully converges to target images not used during training,
highlighting the potential of combining view synthesis and
control.

II. RELATED WORK

Image-Based Visual Servoing (IBVS) is a fundamental
control paradigm in robotics where camera motion is regu-
lated using visual feedback from the image plane. Traditional
geometric IBVS approaches rely on extracted visual features
such as points, lines, or image moments [1], [2], utilizing the
interaction matrix (image Jacobian) to relate feature tem-
poral variations to camera velocities. While these methods
enable pose regulation without explicit 3D reconstruction
and demonstrate robustness to certain calibration errors, their
accuracy can degrade under poor depth estimation or large
viewpoint changes [3].

Photometric IBVS [4] represents a significant advance-
ment by eliminating the intermediate feature extraction stage
and directly minimizing pixel-wise intensity error between
current and target images. This approach exploits all avail-
able pixel information, leading to increased accuracy and
robustness, particularly in texture-rich environments. An ex-
tension of this concept is presented in [5], which leverages
mutual information for direct model-based visual tracking
and pose estimation, making it more robust to appear-
ance variations and partial occlusions. However, photometric
methods require careful handling of lighting changes, im-
age gradients, and optimization stability, typically addressed
through Levenberg—Marquardt optimization techniques.

Recent advances in neural rendering have introduced
powerful 3D scene representations that enable high-fidelity
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novel view synthesis from sparse posed images. Neural
Radiance Fields (NeRF) [6] and its variants [7], [8] have
demonstrated remarkable capabilities in photo-realistic view
synthesis, though their slow inference limits applicability in
real-time control applications.

Gaussian Splatting [9] offers a compelling alternative
using anisotropic 3D Gaussians with learned attributes, build-
ing upon classical splatting techniques [10]. This approach
achieves real-time rendering performance while preserving
visual quality, making it particularly suitable for interactive
applications. Recent work has further optimized these tech-
niques for enhanced reconstruction speed.

Recent works [11] have explored the integration of neu-
ral rendering with visual servoing, leveraging neural scene
representations for visual control without requiring explicit
geometric models. These approaches demonstrate the poten-
tial of combining learned 3D representations with classical
control frameworks, opening new possibilities for robust
visual servoing in complex environments.

Virtual Visual Servoing extends classical IBVS by per-
forming the control process in simulated environments [12],
[13], enabling pose estimation and augmented reality appli-
cations through virtual camera adjustments. This paradigm
allows for testing and validation of control strategies without
direct robot motion during initial alignment phases.

Our work builds upon these foundations by integrating
Gaussian Splatting into a photometric virtual visual ser-
voing framework, leveraging the photo-realistic rendering
capabilities of learned 3D representations to enable accurate
servoing toward unseen viewpoints while maintaining the
computational efficiency required for practical applications.

III. METHODOLOGY

In this section, we detail the proposed framework for
integrating 3D Gaussian Splatting (3DGS) into a photometric
Image-Based Virtual Visual Servoing (IBVVS) pipeline. We
first provide a brief overview of virtual visual servoing and its
evolution, then explain how 3DGS is incorporated to enable
photo-realistic rendering.

A. Virtual Visual Servoing

Virtual visual servoing (VVS) extends classical image-
based visual servoing (IBVS) by performing the control
process in a simulated environment, often for tasks like pose
estimation [12], [13]. In VVS, the pose of a virtual camera
is optimized to align rendered views of a 3D model with real
images, treating pose estimation as a servoing problem.

Traditional photometric IBVS minimizes the pixel-wise
intensity error between the current image I(r) and a target
image I*, where r is the camera pose [4]. The cost function

182
e(r) =y (I(r,x) = I"(x))*,

X

The control law for camera velocity v is derived using
Levenberg-Marquardt optimization:

v = —A(H + pdiag(H))'L7e,

with L as the interaction matrix, H ~ L™ L the approximate
Hessian, and )\, i tuning parameters.

However, appearance differences between simplistic 3D
model renders and real camera images often render pho-
tometric criteria ineffective. Prior works addressed this by
replacing the photometric error with mutual information (MI)
[5]:

MII,I"Y=H(I)+H(I*)—-H(I,I"),

where H(-) denotes entropy. MI quantifies shared infor-
mation between images, making it robust to appearance
variations and modality differences.

B. Integration of 3D Gaussian Splatting

To mitigate appearance mismatches, we propose using
3D Gaussian Splatting (3DGS) [9], a learned 3D repre-
sentation that enables photo-realistic novel view synthesis.
3DGS models the scene as anisotropic 3D Gaussians with
learned parameters, rendered efficiently via splatting and
alpha-blending.

Our framework proceeds as follows:

1) Training Phase: Train the 3DGS model on a sparse

subset of posed images from the scene.

2) Servoing Phase: Use unseen real image as target and

stack all pixels in vector I*. At each iteration:

« Render the current view from the trained 3DGS
model and stack all pixels in vector I(ry).

o Compute the photometric error vector
e = I(I‘k) — I*.

o Estimate the interaction matrix L using image
gradients and depths from the 3DGS Z-buffer.

« Update the pose:

v = —A(H + pdiag(H)) 'Ly,

rp1 = 1y exp([v]),

where [] denotes the Lie algebra skew-symmetric
matrix for SE(3).

3) Iterate until convergence (|lex|| < ).

This integration leverages 3DGS’s real-time rendering and
photo-realism for smooth, accurate servoing toward novel
views without explicit geometry.

IV. EXPERIMENTAL PROTOCOL

In this section, we describe the experimental protocol
designed to evaluate the proposed integration of photometric
Image-Based Virtual Visual Servoing (IBVVS) with Gaus-
sian Splatting (GS). The goal is to assess whether GS can
be used as a reliable rendering module for IBVVS when the
target image is not part of the training set.

A. General Setup

We consider a scene represented by a dataset D of 250
RGB images with a resolution of 1269 x 946 pixels, taken
from the Kitchen scene of the 12 Scenes dataset. Each
image has a known ground-truth camera pose obtained via
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structure-from-motion (e.g., COLMAP). The dataset pro-
vides sufficient viewpoint diversity and texture for reliable
training of the GS model.
The overall experimental strategy involves:
e Dividing D into a training set P and a set of unseen
images D \ P,

e Training a GS model on P,

o Using the IBVVS algorithm to servo the camera from an
initial pose to the pose corresponding to a target image
in D\ P,

o Comparing the estimated final pose with the ground

truth pose of the target image.

All servoing is performed using a photometric control
scheme: synthetic images rendered by GS from the current
pose are compared to the real target image using a pixel-
wise intensity error, and control velocities are computed
accordingly.

B. Implementation Details

We select all even-indexed images from the dataset D
(frames 0O, 2, 4, ..., 248) to form the training set P (i.e.,
|P| = 125). The remaining odd-indexed images (frames
1, 3, 5, ..., 249), corresponding to D \ P, are not used
during training and are reserved as target views. We use the
3D Gaussian Splatting (GS) model for training to generate
photorealistic views of the scene with high quality and
reasonable computational cost. The details are as follows:

o Training. The model is trained for 30k iterations with-
out depth supervision, with intermediate evaluations at
7k, 10k and 20k iterations.

e Metrics. The L1 reconstruction error decreases from
0.0202 (7k) to 0.0118 (30k), while the PSNR increases
from 29.66 dB to 34.45 dB, indicating steady improve-
ment in rendering quality.

C. Experiment I — Servoing Toward an Unseen Target Image

In the first experiment, we select an unseen target image
I* € D\ P and use its ground-truth pose Xy for evaluating
the IBVVS task. The virtual camera is initialized from a
perturbed pose x¢ sampled around x4, and we evaluate the
convergence of our photometric IBVVS method toward the
target image. To further assess robustness, we repeat the
experiment ten times with different perturbed initial poses
around X, and report the results.

D. Experiment 2 — Sequential Servoing for 3D Viewpoint
Tracking

In this experiment, we perform a chain of photometric
IBV'VS tasks using all images in D\ P, following a sequen-
tial order of the unseen images, i.e., frames 1, 3, 5, ..., 249.
The final pose of each servoing task becomes the initial pose
of the next.

This setting simulates a scenario where a camera must
track a continuous trajectory through a set of unseen views
using only the GS model trained on P. It evaluates long-term
drift, robustness to accumulated errors, and the potential of
GS to support continuous navigation or localization.

V. RESULTS AND EVALUATION
A. Experiment 1 — Visual Servoing Toward an Unseen Target

1) Qualitative Evaluation: To evaluate the behavior of
our photometric virtual visual servoing algorithm based on
Gaussian Splatting, we visualize the convergence of a rep-
resentative virtual visual servoing sequence from the initial
pose to the unseen target image (Figure 1).

(a) Initial rendered (b) Unseen target im- (c) Final rendered

image age image

(d) Difference I — I*
at the initial position

(e) Difference I — I*
at convergence

Fig. 1: Example of virtual visual servoing convergence from
an initial pose to an unseen target view

This experiment demonstrates that the algorithm can suc-
cessfully align the rendered view with the real target image,
even if the latter was not seen during the training of the
Gaussian Splatting model.

2) Quantitative Evaluation: To further analyze the per-
formance of our approach, we plot the evolution of the
photometric error, defined as the square root of the sum
of pixel-wise intensity differences, along with the control
velocity norms over the iterations (Figure 2). Since the
COLMAP reconstruction is not metric, the velocity values
are not expressed in any physical units. This curve is only
used in a relative sense to visualize the progressive decay of
the control.

(b) Evolution of velocities over
iterations

(a) Photometric error over iter-
ations

Fig. 2: Evolution of error and velocities during the virtual
visual servoing example of Figure 1

3) Pose Error Evaluation: In addition to the photometric
and velocity-based evaluation, we assess the accuracy of the
estimated camera pose with respect to the ground truth using
two metrics:
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o Translation direction error: Since the scale of Colmap
is not metric, it is not meaningful to report translation
errors in meters. Instead, we evaluate the translation di-
rection error, defined as the angular difference between
the estimated and ground-truth translation vectors.

« Rotation error: the angular difference (in degrees)
between the ground truth and estimated orientations.

These results, as shown in Figure 3, confirm that the

estimated camera pose converges closely to the ground truth,
both in position and orientation.

(b) Rotation error over itera-
tions

(a) Translation direction error
over iterations

Fig. 3: Evolution of pose error during the virtual visual
servoing example of Figure 1 and Figure 2

B. Statistical evaluation over multiple initial poses

To assess the robustness of the proposed virtual visual
servoing algorithm, we performed a series of ten independent
experiments using the desired image employed in this exper-
iment. In each trial, the initial camera pose was perturbed
by applying a random translation and rotation around the
ground-truth pose.

The obtained results over the 10 runs are summarized in
Table I.

Error metric Mean (deg) | Max (deg)
Translation direction error 0.0186 0.0197
Rotation error 0.0457 0.0466

TABLE I: Translation and rotation errors over 10 visual
servoing trials with perturbed initial poses.

C. Experiment 2 —Sequential Servoing for 3D Viewpoint
Tracking

1) Sequential Visual Servoing qualitative results: Figure 4
shows, at several intermediate steps, a side-by-side compar-
ison between the GS-rendered view, the corresponding real
target image, and their difference.

2) Photometric Error Evaluation Across Successive Tar-
gets: To evaluate the effectiveness of the algorithm across a
sequence of target views, we compute the final photometric
error after convergence for each desired frame, defined as the
square root of the sum of pixel-wise intensity differences, as
shown in Figure 5.

3) Structural Similarity Index (SSIM) Analysis: The
Structural Similarity Index (SSIM) is a perceptual metric
used to evaluate the similarity between two images. Unlike
traditional measures such as the photometric error, SSIM
takes into account not only luminance and contrast but also

(a) GS Render (Step  (b) Real Target (c) Difference I—I*
1) (Step 1) (Step 1)

(d) GS Render (Step  (¢) Real Target (f) Difference [—1I*
103) (Step 103) (Step 103)

(g) GS Render (Step  (h) Real Target (i) Difference I —1I*
203) (Step 203) (Step 203)

() GS Render (Fi- (k) Real Target (Fi-
nal) nal)

(1) Difference I — I
(Final)

Fig. 4: Comparison of GS-rendered images, real target im-
ages, and pixel-wise differences I — I* at successive steps
of virtual visual servoing.

the structural information present in the images, making it
more consistent with human visual perception.

The Table II below reports the SSIM values comparing
(1) the initial render versus the desired image, (ii) the final
render at convergence versus the desired image, and (iii) the
ground-truth pose (GS) renders versus the desired image, at
representative steps (1, 103, 203, and 249).

Step | Initial vs Desired | Final vs Desired | GS GT vs Desired
1 0.7309 0.8966 0.8980

103 0.5935 0.8805 0.8912

203 0.6023 0.9165 0.9160

249 0.5598 0.6077 0.8982

TABLE II: SSIM Analysis Results for Different Optimization
Steps

4) Pose Error Evaluation Across Successive Targets: In
addition to the photometric error, we also evaluate the pose
accuracy achieved after convergence for each target frame.
The resulting statistics are shown in Table III and Figure 6.
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Fig. 5: Final photometric error for each successive desired
frame

Metric Mean | Std Dev
Translation Direction Error (°) | 1.0334 3.9548
Rotation Error (°) 0.3951 1.4820

TABLE III: Pose estimation errors (mean and standard
deviation).

(a) Final translation direction
error per desired frame

(b) Final rotation error per de-
sired frame

Fig. 6: Translation direction and rotation errors after conver-
gence for each target in the successive VVS setup.

5) Camera Trajectory Comparison: To assess the global
accuracy of the successive visual servoing approach, we com-
pare the estimated camera trajectory during the successive
servoings to the ground-truth trajectory, as shown in Figure 7.

This allows us to visualize and quantify the drift that
does not accumulate overall the successive visual servoing
processes.

Fig. 7: Comparison between the estimated camera trajectory
and the ground-truth trajectory.

6) Analysis of Successive VS Results and Divergence
Causes: In the successive VS experiments, we observe spe-
cific divergence events at frames 97, 99, and 101, followed
by a re-convergence of the algorithm. A similar phenomenon
occurs at the end of the sequence, around frames 245, 247,
and 249. The trajectory comparison in Figure 7 shows these
deviations relative to the ground truth, and the photometric
error curve in Figure 5 reflects corresponding spikes.

Although the target images are sharp and visually suitable
for alignment, the Gaussian Splatting model fails to render
accurate images at the corresponding ground truth poses. As
shown in Figure 8 and Figure 9, the synthesized images are
blurry and lack structural detail.

This inaccuracy highlights a limitation of using 3DGS
photometric virtual visual servoing: even when the camera
reaches the correct pose according to the ground truth, the
rendered image may not perfectly match the desired target
image. As a result, the photometric error remains high and
since the translation and rotation errors are high too, the
system reaches a local minimma, as observed in frames 97,
99 (Figure 8) and 245 (Figure 9).

Moreover, when sequentially incoherent rendered images
exhibit this phenomenon, we also observe that the subsequent
desired images suffer from divergence. This is the case in
frames 101 (Figure 8), 247 and 249 (Figure 9), where the
algorithm becomes trapped in a region of poor rendering
coherence and then diverges.

(a) Desired (b) GT View (c) Diff (F97) (d) Final AV
(F97) (F97) (F97)

(e) Desired (f) GT View (g) Diff (F99) (h) Final AV
(F99) (F99) (F99)

@) Desired (j) GT View (k) Diff (F101) (1) Final AV
(F101) (F101) (F101)

Fig. 8: Early divergence cases (Frames 97, 99, 101). For
each frame: Desired ground-truth image, GS rendering at the
ground-truth pose, difference image (GT View — Desired),
and final AV result.

VI. CONCLUSION

In this work, we have presented a novel framework
that successfully integrates photometric Image-Based Vir-
tual Visual Servoing with Gaussian Splatting for accurate
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(a) Desired (b) GT View (c) Diff (F245) (d) Final AV
(F245) (F245) (F245)
(e) Desired (f) GT View (g) Diff (F247) (h) Final AV
(F247) (F247) (F247)
@) Desired (j) GT View (k) Diff (F249) (I) Final AV

(F249) (F249) (F249)

Fig. 9: Late divergence cases (Frames 245, 247, 249). For
each frame: Desired ground-truth image, GS rendering at the
ground-truth pose, difference image (GT View — Desired),
and final AV result.

pose estimation and viewpoint tracking. Our experimental
results demonstrate that Gaussian Splatting models, trained
on sparse image subsets, can generate synthetic views with
sufficient visual fidelity to enable effective photometric ser-
voing toward unseen target images.

The key finding of our study establishes that Gaussian
Splatting renders are visually comparable to real camera-
acquired images. This photo-realistic rendering quality cre-
ates a seamless bridge between synthetic and real visual
information, validating both generalization capabilities of
learned 3D scene representations and their effectiveness in
visual control tasks.

Future Perspectives: Given that Gaussian Splatting pro-
duces camera-comparable rendered images, we envision di-
rect integration into real-world robotic visual servoing for:

o Precise Robot Positioning: Leveraging Gaussian splat-

ting models as visual targets.

« Autonomous Navigation: Developing navigation sys-

tems that utilize learned scene representations for tra-
jectory generation and visual path following.
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