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Abstract

Robotic 3D manipulation of small targets, such as laser ablation of urban-tree fruit balls,
requires locally reliable depth. Mainstream RGB-D depth-refinement methods usually
optimize image-wide metrics, which can leave task-relevant regions under-resolved and
limit their direct use in precision robotic operation. This paper presents residual-gated
RGB-D depth refinement (RG-RGD), a task-triggered local depth-refinement framework
that reallocates computation toward task-relevant 3D geometry after a candidate target
has been selected. The method contains three coupled designs: a self-play benefit-driven
foveation mechanism that focuses network capacity on regions where refinement reduces
geometric residuals; residual prediction with Bayesian measurement fusion that anchors
predictions to available raw observations; and inertial measurement unit (IMU)-conditioned
self-supervised training that improves inter-frame view consistency. Evaluated on the
Visual Odometry with Inertial and Depth (VOID) benchmark, RG-RGD obtains competitive
standard depth-completion metrics, including a mean absolute error (MAE) of 24.95 mm
and an inverse mean absolute error (iMAE) of 10.85. On self-collected London plane
fruit-ball sequences, the method reduces region-of-interest geometric error more strongly
than full-image error. A qualitative demonstrative laser-ablation use case illustrates how
refined local geometry can drive physical branch filtering, cutting-point selection, and
gimbal-based execution. The results support task-triggered local depth refinement as a
practical perception component for robotic manipulation.

Keywords: robotic laser ablation; RGB-D perception; depth refinement; small-target
localization; self-supervised learning; foveated attention; visual servoing

1. Introduction
Robotic manipulation in natural or semi-structured environments often depends on a

small part of the image rather than on the whole scene. For many robotic operations, the
decisive quantity is not the average quality of a dense depth map, but whether the robot
has reliable local 3D geometry at the pixels that determine the next physical action. A depth
error near a contact point, cutting point, grasping point, or supporting branch can move
a back-projected 3D target, change the tool-to-target distance, or make a controller select
the wrong structure. Errors in distant background regions are less important if they are
never consumed by the downstream robot. This difference makes local depth refinement a
task-level robotic perception problem.

London plane fruit-ball laser ablation is used in this paper as a representative case.
London plane trees are common urban trees, but mature fruit balls can release allergenic
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trichomes and pollen in spring, motivating physical removal in some urban-management
scenarios [1,2]. Manual pruning with aerial work vehicles is labor intensive and disrup-
tive, while robotic pruning and horticultural manipulation remain limited by perception,
localization, and end-effector constraints [3–6]. A laser end effector is mechanically light
and non-contact, but it imposes a strict requirement on local depth: the branch connected
to the selected fruit ball must be screened from background structures, the cutting point
must be back-projected to a metric 3D coordinate, and the gimbal must be driven before
the operation decision becomes stale.

RGB-D cameras are suitable for this setting because they provide metric depth in
a compact sensing package. Their most useful measurements, however, are often least
reliable near the structures that matter for manipulation. Structured-light and time-of-
flight cameras can produce depth holes, flying pixels, multipath artifacts, and boundary
degradation near thin branches, weakly textured fruit balls, and depth discontinuities [7,8].
Existing depth-completion networks have made clear progress on RGB-guided dense depth
estimation [9–20]. Many of these methods are optimized for full-image metrics, road-scene
LiDAR benchmarks, or globally supervised dense prediction. Such benchmarks remain
necessary, but they do not test whether the largest errors occur at the small set of pixels
consumed by a manipulation decision. Self-supervised depth learning and visual-inertial
methods reduce the need for dense ground truth [21–28], but global photometric objectives
can still be dominated by large background regions.

The central question addressed here is how to refine RGB-D depth when the down-
stream robot needs locally reliable 3D geometry rather than uniformly dense reconstruction.
The proposed RG-RGD framework follows three principles. First, refinement capacity
should be concentrated where it reduces task-relevant geometric residuals. Second, valid
RGB-D measurements should remain metric anchors unless the network has evidence
that correction is beneficial. Third, self-supervised training should use physical motion
cues when dense ground-truth depth is unavailable. The public VOID dataset and a Lon-
don plane laser-ablation use case are used as complementary evidence: VOID evaluates
the transferable depth-refinement architecture under standard metrics, while the London
plane data and robotic use case show how local geometry is consumed by downstream
physical rules.

The main contributions are as follows:

1. A local RGB-D depth-refinement formulation is developed for robotic 3D manip-
ulation, with the London plane laser-ablation pipeline serving as a representative
small-target use case.

2. A self-play benefit-driven foveated scale head with small-object focused attention
(BFS-SOFA) is introduced to resolve the circular dependency between the foveation
mask and the focused prediction pass without manual region labels.

3. A residual-gated Bayesian measurement fusion and localized edge-aware propagation
scheme is developed to preserve metric anchors, suppress cross-boundary diffusion,
and focus correction on task-relevant regions.

4. An IMU-assisted self-supervised training pipeline is used to stabilize view-synthesis
supervision when dense depth labels are unavailable in the robotic scene.

5. Evaluation combines VOID benchmark results, self-collected London plane ROI
analysis, latency profiling, module-level timing, and a demonstrative laser-ablation
use case.

2. Materials and Methods
The notation used in the following formulation is summarized in Table 1.
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Table 1. Notation definitions.

Symbol Definition

It Input RGB image at time t
Draw

t Raw, potentially sparse or noisy depth observation from the RGB-D sensor
Dh

t Dense depth hint generated from valid raw measurements
∆Dt Residual predicted around the dense hint
D̂t Non-negative network prediction before measurement fusion
Dbm f

t Depth map after Bayesian measurement fusion
Do

t Final refined local depth map after propagation
Mt Binary validity mask of the raw depth observation
σ2

t , σ2
obs,t Predicted network and observation variances used by BMF

αt BMF coefficient assigned to a valid raw observation
Ft, zt Fused RGB-D features and benefit-head logits
τt, T Image-adaptive threshold and fixed sigmoid temperature
Bt, B̃t Raw and normalized self-play benefit targets
mso Task-relevant foveation mask generated by the benefit field
Rt Task-relevant image region used by the next robotic decision
ot Boolean mask of valid, positive raw-depth observations
P9(p) Center pixel and its eight local propagation neighbors
upq, wpq, gp Affinity logit, edge-normalized affinity, and ROI-modulated propagation gate
K Number of UACSPN propagation iterations
uts, zts Synchronized 12-D IMU feature and its normalized, clipped form
pv

ts, pts Vision-only and IMU-conditioned six-dimensional pose logits

2.1. Problem Formulation and System Overview

Reliable local 3D geometry is the quantity required by the downstream robot. For a
selected manipulation target, let Rt denote the task-relevant region at time t, including
the target, nearby supporting structures, depth boundaries, and pixels used by the next
decision rule. Given an aligned RGB image It and raw depth Draw

t , the objective is to
produce a refined depth map Do

t that reduces metric error inside Rt:

min
θ

Egeo(Dθ , Rt) (1)

where θ denotes model parameters.
The architecture therefore avoids treating all pixels as equally important. It first

constructs a dense depth hint from valid measurements:

Dh
t = N (Draw

t , Mt), (2)

where N (·) denotes nearest-neighbor propagation over valid depth samples. Hybrid
RGB-D features are then extracted and fused:

Ft = Φ
(

EI(It), ED(Dh
t , Draw

t , Mt)
)

, (3)

where EI and ED are the image and depth encoders and Φ is cross-modal fusion. The
fused features are passed to a benefit-driven foveation module, a residual-gated Bayesian
measurement fusion module, and an edge-aware local propagation module. Figure 1
summarizes the complete pipeline.
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Figure 1. Overall architecture of RG-RGD. RGB and depth features are fused before benefit-driven foveation and small-object focused attention (SOFA) cross-
attention. The resulting features enter the Transformer U-Net backbone, followed by residual prediction, Bayesian measurement fusion (BMF), Gaussian belief-
propagation network (GBPN)-lite, and uncertainty-aware convex spatial propagation network (UACSPN) refinement. The lower branch provides self-supervised
training constraints.
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The nearest-neighbor operator is used only to construct a dense conditioning hint. It
can copy a wrong value across a depth boundary when raw samples are sparse or contain
flying pixels. The original Draw

t and Mt are therefore retained as separate network inputs,
and the interpolated hint is not treated as a reliable sensor observation.

The architecture follows three constraints from robotic 3D operation. First, task-
relevant structures occupy only a small fraction of the image, so refinement should concen-
trate on high-benefit regions. Second, raw RGB-D measurements provide metric scale and
should be preserved when reliable. Third, the method must remain compatible with an on-
line system, so the foveation module is separable from the shared RGB-D feature extractor.

2.2. Benefit-Driven Foveation via Self-Play Supervision

Benefit-driven foveated scale head with small-object focused attention (BFS-SOFA) is
a lightweight resource-allocation module. It is related to foveated visual attention, spatial
transformation, and dynamic token selection [29–35], but its focusing signal is defined by
depth-refinement benefit rather than visual saliency. A direct formulation creates a circular
dependency: the foveation mask should be learned from the error distribution, but the
error distribution changes after foveation is applied.

The full network combines lightweight convolutional operations [36] with an encoder–
decoder topology based on U-Net and Transformer U-Net designs [37,38].

BFS-SOFA forms three dilated feature branches, r1, r2, r4, and their per-pixel softmax
scale weights, a1, a2, a4. The benefit-head logit and image-adaptive threshold are

zt(p) = ∑
s∈{1,2,4}

as(p) hs(rs)(p), τt = hτ(GAP(Ft)), (4)

where hs and hτ are learned projections and GAP is global average pooling. A small-object
proxy is added as a logit bias and the resulting map is optionally Gaussian-smoothed before
thresholding. With the default temperature T = 0.1, the mask used by SOFA is

mso(p) = clip[0,1]

[
σ

(G(zt(p) + bproxy(p))− τt

T

)
(a1(p) + a2(p))

p0

m + ϵ

]
, (5)

where G denotes the optional 7 × 7 Gaussian smoothing used in the default configuration,
p0 = 0.05 is the target mask mass, and m is the image-wise mean before budget normal-
ization. The last factor is applied only when budget normalization is enabled. Thus, τt is
dynamic for every image, whereas T controls the sharpness of the sigmoid.

To break the circular dependency, training uses a baseline pass without BFS-SOFA and
a focused pass with BFS-SOFA. The reduction in measurement and photometric residuals
defines the detached benefit target:

Bt(p) = ReLU
(

em
base(p)− em

f ov(p)
)

Mt(p) + η ReLU
(

eph
base(p)− eph

f ov(p)
)

Mph(p), (6)

The normalized target and benefit loss are

B̃t =

clip[0,1](Bt/β), β > 0,

clip[0,1]
(

Bt/(Qq(Bt) + ϵ)
)
, β ≤ 0,

Lbene f it =
1
|Ω| ∑

p∈Ω
BCEWithLogits

(
zt(p), B̃t(p)

)
, (7)

where Mph denotes valid reprojection pixels, Ω is the valid support, and Qq is its benefit
quantile. The reported configuration uses η = 0.5, β = 0.15, q = 0.90 for self-supervised
training (q = 0.95 on VOID), and λb = 0.1.

This two-pass mechanism makes the benefit map a training signal derived from
actual improvement, while the stop-gradient operation prevents the baseline pass from
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being optimized to make the focused pass appear beneficial. Figure 2 summarizes the
benefit-driven foveated attention module.
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Figure 2. Benefit-driven foveated attention. (a) The foveated scale head combines three receptive-
field scales and uses an image-adaptive threshold to produce the normalized mask mso ∈ [0, 1].
(b) Small-object focused attention uses this mask to bias feature interaction toward thin structures,
object boundaries, and depth discontinuities. In panel (b), the asterisks denote multiplication, and
the minus sign in 1 − Mso denotes subtraction.

2.3. Residual-Gated Bayesian Measurement Fusion

Directly predicting absolute depth can overwrite valid sensor measurements. RG-RGD
therefore predicts a residual around the dense depth hint:

D̂t = clip[0,Dmax ]

(
ReLU

(
Dh

t + ∆Dt

))
, (8)

where Dmax = 10 m.
The network also predicts positive standard deviations for the depth estimate and the

sensor observation:

σt = clip(softplus(hσ(Ft)) + ϵ, 0.02, 5.0), σobs,t = clip(softplus(hobs(Ft, mso, Mt)) + ϵ, 0.01, 5.0). (9)

The corresponding variances are vt = σ2
t and vobs,t = σ2

obs,t. The observation variance is
learned from valid raw-depth pixels using a Gaussian measurement likelihood, while the
fixed bounds prevent degenerate values.
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For ot = Mt ∧ (Draw
t > ϵ), the fusion coefficient and refined estimate are

αt = ot
vt

vt + vobs,t
, Dbm f

t = αtDraw
t + (1 − αt)D̂t. (10)

At unobserved pixels, αt = 0 and D̂t is retained. At observed pixels, αt increases with
prediction uncertainty and decreases with observation uncertainty, preserving reliable
metric measurements while allowing local correction.

2.4. Edge-Aware Propagation with UACSPN

Spatial propagation further removes isolated artifacts after BMF, but propagation can
blur across object boundaries if affinities are learned only from depth features. This is
undesirable for small-target manipulation because centimeter-scale discontinuities can
determine whether a branch or background structure is selected. RG-RGD therefore uses
an uncertainty-aware convex spatial propagation network (UACSPN) with three explicit
constraints: an RGB edge barrier, ROI-boosted gating, and observation anchoring.

UACSPN uses a nine-position support P9(p) consisting of the center and its eight
neighbors. It starts from the preceding learned local refiner, D(0)

t = BP(Dbm f
t ). A small

convolutional head predicts affinity logits upq and a gate logit. The initial affinities are
softmax-normalized, then an RGB-gradient edge barrier is applied and the affinities
are renormalized:

w̄pq = softmaxq∈P9(p)(upq), wpq =
w̄pq exp(− softplus(a) epq)

∑r∈P9(p) w̄pr exp(− softplus(a) epr) + ϵ
, (11)

where epq is the horizontal, vertical, or averaged diagonal RGB gradient between the two
positions and a is a learned scalar. The center affinity has barrier one. The propagation
gate is

gp = σ(graw
p )(0.35 + 0.65mso(p)), D̃(k+1)

t (p) = D(k)
t (p) + gp

 ∑
q∈P9(p)

wpqD(k)
t (q)− D(k)

t (p)

. (12)

After every update, observed pixels are re-anchored to the detached BMF output:

D(k+1)
t (p) =

StopGrad(Dbm f
t (p)), ot(p) = 1,

D̃(k+1)
t (p), ot(p) = 0.

(13)

Four propagation iterations are used (K = 4). Re-anchoring preserves fused metric obser-
vations while allowing surrounding holes and uncertain regions to be refined. After the
final iteration, Do

t = D(K)
t . Table 2 summarizes the conceptual differences between NLSPN

and UACSPN.

Table 2. Conceptual differences between NLSPN and the local UACSPN implementation used in
RG-RGD.

Aspect NLSPN [12] UACSPN in RG-RGD

Neighborhood Non-local learned offsets Local center plus 8-connected neighborhood
Affinity evidence Learned affinity from features RGB edge barrier with base affinity
Propagation gate Per-pixel learned confidence ROI-boosted gate from mso
Measurement anchoring No hard re-injection per step Validity-mask re-injection after each step
Failure mode addressed General depth completion Cross-boundary bleeding in local robotic regions
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2.5. IMU-Assisted Self-Supervised Training Pipeline

Because dense ground-truth depth is unavailable for the self-collected sequences,
training uses temporally adjacent RGB-D frames. The predicted depth and relative pose
are used to warp a neighboring RGB image into the current view, and reconstruction
consistency provides the self-supervised signal. The relative pose between two adjacent
frames is represented as

Tt→s =

[
Rt→s tt→s

0⊤ 1

]
. (14)

A lightweight PoseNet predicts six-dimensional pose logits pv
ts from the RGB pair. The

synchronized IMU window is summarized by integrated angular increment, mean acceler-
ation, mean angular velocity, and angular-velocity standard deviation, then normalized
with training-partition statistics:

zts = clip[−5,5]

(
uts − µtr
σtr + ϵ

)
. (15)

An IMU residual adapter conditions the visual logits:

pts = pv
ts + σ(γ)⊙ fimu([StopGrad(pv

ts), zts]). (16)

The conditioned logits are mapped to translation and axis–angle rotation to construct
Tt→s. With camera intrinsics K, a target-frame pixel is projected into a neighboring source
frame as

ps ∼ KTt→sDo
t (pt)K−1 pt. (17)

Bilinear sampling reconstructs the target image from the source image. The training
objective combines photometric reprojection, sparse measurement consistency, edge-aware
smoothness, and benefit supervision:

Ltotal = λpLphoto + λsLsparse + λgLsmooth + λbLbene f it. (18)

Training follows a two-stage schedule. The RGB-D encoder, residual head, BMF module,
and UACSPN module are first optimized with photometric, sparse measurement, and
smoothness losses. BFS-SOFA is then activated and trained with Algorithm 1. Figure 3
illustrates the training loop.

Algorithm 1: Self-play benefit supervision training step
Input: RGB image It, raw depth Draw

t , current network parameters θ

Output: Updated network parameters θ

1 Disable BFS-SOFA for the baseline forward pass.
2 Predict D̂base = Net(It, Draw

t ; θ).
3 Compute pixel-wise baseline loss ℓbase and detach it from gradient flow.
4 Enable BFS-SOFA and predict mso = BFS(It, Draw

t ; θ).
5 Predict D̂ f ov = Net(It, Draw

t , mso; θ).
6 Compute pixel-wise focused loss ℓ f ov.
7 Form the detached measurement benefit and, when enabled, the warp-

valid photometric benefit.
8 Normalize Bt to B̃t and compute BCEWithLogits between zt and B̃t.
9 Update θ using the focused-pass reconstruction losses and λbLbene f it.

https://doi.org/10.3390/machines14080841

https://doi.org/10.3390/machines14080841


Machines 2026, 14, 841 9 of 17

Normalized
IMU

Residual
Adapter

Training-Only
Relative Pose

Tt→t+1

Figure 3. IMU-assisted self-supervised training loop. The RGB pair produces a visual pose estimate,
and the normalized IMU residual conditions view-synthesis supervision. Raw-depth consistency
anchors metric scale. The red circles mark corresponding target regions before and after differen-
tiable warping.

3. Results
3.1. Experimental Data and Protocols

Experiments included evaluation on the Visual Odometry with Inertial and Depth
(VOID) benchmark, self-collected robotic data, runtime profiling, and a qualitative robotic
use case. VOID was used to compare RG-RGD with representative depth-completion
methods under standard geometric metrics.

The self-collected data comprised three indoor RGB-D and IMU sequences of London
plane fruit balls with 220, 239, and 293 synchronized frames (752 frames in total). A Gemini
335L RGB-D camera (Orbbec Technology Group Co., Ltd., Shenzhen, China) recorded
1280 × 720 RGB and aligned depth at 30 Hz, and the gyroscope stream had a median
sampling rate of approximately 992 Hz. Raw depth was aligned to the color stream, and the
stored RGB intrinsics and gyro-to-color rotation were used for calibration. The targets were
approximately 2–3 cm in diameter and were captured at a working distance of about 2.9 m
under thin-branch occlusion, weak texture, background clutter, and illumination variation.

The first two sequences (459 frames; 528 valid temporal pairs) were used for training,
and the third sequence (293 frames; 218 pairs) was used for validation. Dense ground-truth
depth was unavailable for these sequences; they were therefore used for self-supervised
training, ROI analysis, timing evaluation, and the qualitative use case.

3.2. Depth-Completion Benchmark

Table 3 compares RG-RGD with representative methods on VOID. RG-RGD obtains
the lowest MAE and iMAE among the listed methods, while its RMSE and iRMSE remain
higher than those of CostDCNet and NLSPN. On the same 800-sample test split, the P95
and P99 absolute errors are 88.5 mm and 294.0 mm, respectively, indicating that large
boundary and occlusion errors remain.

Figure 4 shows representative VOID examples. Each example contains RGB input,
sparse/raw depth, RG-RGD refined depth, an error map, foveation response, and a recon-
structed view. The foveation maps are strongest near small objects and depth discontinu-
ities, consistent with the intended behavior of the benefit-driven module.
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Table 3. Comparison on the VOID depth-completion benchmark. Lower values are better.

No. Method Venue/Year MAE RMSE iMAE iRMSE

1 RG-RGD This work 24.95 94.99 10.85 44.52
2 CostDCNet ECCV 2022 25.84 76.28 12.19 32.13
3 NLSPN ECCV 2020 26.74 79.12 12.70 33.88
4 Monitored Dist. ECCV 2022 29.67 79.78 14.84 37.88
5 PENet ICRA 2021 34.61 82.01 18.89 40.36
6 MSG-CHN WACV 2020 43.57 109.94 23.44 52.09
7 ENet ICRA 2021 46.90 94.35 26.78 52.58
8 Scanline RI-DC RA-L/IROS 2021 59.40 181.42 19.37 46.56

Figure 4. VOID qualitative depth-refinement examples. Two benchmark examples are placed side by
side. In each example, the six tiles are arranged from left to right and top to bottom as RGB input,
sparse/raw depth, RG-RGD refined depth, absolute-error visualization, foveation response, and
reconstructed view. Black pixels in the raw-depth views are invalid observations. Depth values
originate in meters; the false-color depth and error tiles are normalized separately for visualization
and are not intended for cross-example numerical comparison. Quantitative depth errors are reported
in millimeters in Table 3; the foveation response is normalized to [0, 1].

3.3. Self-Collected Fruit-Ball Examples and Focused Ablation

Figure 5 shows eight indoor frames from the self-collected London plane fruit-ball
sequence. Each row contains RGB input, raw depth, refined depth, and the BFS-SOFA
overlay. The overlays concentrate on fruit balls, thin branches, and boundary regions,
indicating that the module assigns refinement capacity to the structures used by branch
screening and cutting-point selection.

Table 4 reports the focused ablation of BFS-SOFA on the self-collected validation set.
Adding BFS-SOFA reduces the full-image geometric error from 0.0079 to 0.0073 and the
region-of-interest (ROI) geometric error from 0.0090 to 0.0076. The larger ROI gain is
important for the robotic task because branch localization depends on local boundary and
thin-structure pixels. Photometric error and the structural similarity index measure (SSIM)
remain nearly unchanged, suggesting that the main effect is local geometric improvement
rather than a global image-similarity change.

Table 4. Ablation study of BFS-SOFA on the self-collected validation set.

Metric Base BFS-SOFA

Full-image geometric error 0.0079 0.0073
Relative improvement – 7.5%
ROI geometric error 0.0090 0.0076
ROI relative improvement – 15.3%
Full-image photometric error 0.0530 0.0530
Full-image SSIM 0.6921 0.6921
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Figure 5. Indoor BFS-SOFA small-target focusing examples. Eight self-collected fruit-ball frames
are shown in two blocks. In each row, the four tiles are RGB input, raw depth, RG-RGD refined
depth, and BFS-SOFA overlay. Black regions in raw depth denote invalid observations; depth colors
are display-normalized per frame and are not a common metric scale. The orange overlay is the
normalized BFS-SOFA response mso ∈ [0, 1], highlighting fruit balls, branch segments, and boundary
regions used by the depth-refinement pipeline.

Table 5 compares direct residual replacement with the complete RG-BMF formulation
on the VOID test split. BMF reduces MAE from 25.014 to 24.951 mm and iMAE from 10.892
to 10.853, with similar RMSE and tail-error values.

Table 5. BMF ablation on the 800-sample VOID test split. MAE, RMSE, P95, and P99 are in millimeters;
iMAE and iRMSE are in km−1. Bold values indicate the best result for each metric.

Variant MAE RMSE iMAE iRMSE P95 P99

Direct replacement (BMF disabled) 25.014 94.994 10.892 44.523 88.5 294.0
Full RG-BMF 24.951 94.992 10.853 44.518 88.5 294.0

The IMU-assisted pose model was evaluated on the same 218-pair validation sequence.
As shown in Table 6, IMU conditioning reduces the total, photometric, geometric, and warp
consistency losses by 12.72%, 16.34%, 17.76%, and 20.03%, respectively.

Table 6. IMU ablation on the self-collected validation sequence (218 temporal pairs). Lower consis-
tency loss is better. Bold values indicate the best result for each metric.

Pose-Conditioning Variant Total Photometric Geometry Warp

Vision-only PoseNet 0.491303 0.240267 0.065215 0.072837
Normalized gated IMU residual 0.428792 0.201010 0.053635 0.058245

3.4. Latency Breakdown and Module-Level Timing

Runtime was measured on 300 RGB-D frames at 320× 320 resolution using an NVIDIA
GeForce RTX 3070 Ti laptop GPU (NVIDIA Corporation, Santa Clara, CA, USA). Automatic
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mixed precision was enabled, and 30 warm-up iterations were used before timing. The
model contains 24.89M parameters, with a 94.96 MB checkpoint and 1163.69 MB peak
GPU memory use in the tested configuration. Table 7 reports both model and end-to-end
pipeline latency. The network reaches 44.57 ms mean latency and 49.45 ms P95 latency.
The complete Python pipeline reaches 72.70 ms mean latency and 78.05 ms P95 latency,
corresponding to 13.75 FPS. Preprocessing is the second-largest cost because the current
implementation generates the depth hint online in Python 3.10.

Table 7. Latency breakdown of the task-triggered RG-RGD path. Timing used 300 RGB-D frames at
320 × 320 resolution on an RTX 3070 Ti laptop GPU.

Stage Mean Median P95

Preprocessing 27.46 ms 27.39 ms 28.76 ms
Host-to-device transfer 0.50 ms 0.48 ms 0.64 ms
Model inference 44.57 ms 43.70 ms 49.45 ms
Post-processing 0.06 ms 0.06 ms 0.09 ms
End-to-end Python pipeline 72.70 ms 71.76 ms 78.05 ms

An additional module-level timing experiment was used to isolate the cost of BFS-
SOFA. Inputs were preloaded on the GPU to exclude disk access, OpenCV preprocess-
ing, and host-to-device transfer. Timing used CUDA events, 30 warm-up iterations, and
300 timed runs. The module-only setting includes the benefit-driven foveated scale head
and SOFA but excludes the shared RGB-D feature extractor. As shown in Table 8, BFS-SOFA
adds about 12 ms under this protocol.

Table 8. Module-level timing of BFS-SOFA at 320 × 320 resolution. Inputs were preloaded on the
GPU; timing used CUDA events with 30 warm-up iterations and 300 timed runs.

Variant Mean Median P95 ∆Mean

Base without BFS-SOFA 29.81 ms 29.88 ms 31.83 ms –
Base + BFS-SOFA 41.85 ms 41.39 ms 45.51 ms +12.04 ms
BFS-SOFA module only 12.69 ms 12.47 ms 15.60 ms +12.69 ms

The measured latency corresponds to the target-triggered refinement step between
target selection and branch screening. Compiled depth-hint generation and embedded-
GPU optimization could further reduce this cost.

3.5. Qualitative Demonstrative Use Case: Robotic Laser Ablation

The London plane fruit-ball system is used as a demonstrative use case for how local
refined geometry can be consumed by a robotic pipeline. The system contains an RGB-D
camera, a two-axis gimbal, and a laser head. It follows the broader direction of robotic
horticulture systems that connect perception to manipulation or pruning decisions [39,40].
Figure 6 shows the indoor setup, the laser head, and an outdoor simulated canopy scene.

The purpose of this use case is to illustrate how the refined local depth map triggers
downstream physical rules. After a fruit ball is selected, the refined depth is used to
back-project the target neighborhood and screen candidate branch pixels by three gates.
First, depth-threshold filtering removes pixels outside the valid working range of the
laser head. Second, angle filtering favors branch segments whose local direction points
toward the selected fruit-ball center. Third, connected-component filtering suppresses
crossing branches that appear behind the target and re-enter on the other side, because
these structures are not physically connected to the selected fruit ball in the depth field.
Figure 7 shows three outdoor examples of this filtering process.
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Figure 6. Qualitative demonstrative use case for London plane fruit-ball laser ablation. (a) Indoor
prototype with an SK60 laser rangefinder (Shanghai Senky Photoelectric Technology Co., Ltd.,
Shanghai, China) showing 2883 mm for the illustrated capture; (b) two-axis gimbal and laser head;
and (c) outdoor simulated-canopy context.

Figure 7. Qualitative examples of the cutting-point filtering rules. The left, middle, and right panels
show three outdoor target cases. Cyan boxes mark the local target neighborhoods after depth-
range pruning; small orange point markers indicate the selected fruit-ball and nearby branch pixels;
magenta labels report the final camera-frame cutting-point coordinates [X, Y, Z] in millimeters after
angle and connected-component screening.

The retained branch segment then supplies a cutting-point candidate near the branch–
fruit connection, which is transformed from the camera coordinate frame to the gimbal
coordinate frame for laser pointing. Local RGB-D refinement can provide the metric
geometry required by branch filtering and gimbal execution, but larger paired outdoor trials,
confidence intervals, longer working distances, and stronger environmental disturbance
tests are still needed before making quantitative performance claims.

4. Discussion
The results show why robotic local depth refinement should not be evaluated only

as a full-image depth-completion problem. Benchmark metrics are useful for comparing
geometric quality, but the robot depends on a smaller group of pixels around the target
and nearby support structures. The focused ablation confirms this difference: BFS-SOFA
gives a larger improvement in the ROI than in the full image. This behavior is valuable for
physical filtering rules, where local boundary quality can determine whether a candidate
structure is selected or rejected.

Measurement anchoring is also important. Self-supervised view synthesis can encour-
age visually plausible depth, but local photometric agreement does not guarantee metric
correctness around thin structures. The residual prediction and BMF gate preserve a metric
connection to available raw observations while allowing a correction in holes and uncertain
regions. This design is consistent with the strong MAE and iMAE performance on VOID,
while the weaker RMSE and iRMSE indicate that severe outliers are not fully eliminated.

The higher RMSE and iRMSE arise mainly from large errors at depth boundaries,
connected holes, partial occlusions, flying pixels, and temporal reprojection mismatches.
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The P95 and P99 results confirm this long error tail. BFS-SOFA reduces both full-image and
ROI geometric error in the self-collected ablation, but isolated large errors remain.

The latency analysis separates model latency, preprocessing, tail latency, and mod-
ule overhead. BFS-SOFA adds about 12 ms and remains separable from the shared
RGB-D feature extractor, supporting its use as a portable add-on for other RGB-D
refinement backbones.

The demonstrative use case also clarifies the main failure sources that motivate local
refinement. Missing depth at fruit-ball boundaries and thin branch junctions can shift
the back-projected cutting point, while crossing branches may interfere with connected-
component screening. Before laser execution, the system reacquires RGB-D observations
through the visual loop, and the two-axis gimbal uses an independent angle-control loop.
Strong occlusion, reflection, wind, and branch motion can still affect localization.

Safety Considerations

Laser operation requires independent hardware interlocks, an emergency stop, a
protected working area, and target confirmation before emission. Outdoor use also places
additional demands on perception: strong sunlight can reduce active RGB-D measurements,
while wind and vibration can change branch position during aiming. Repeated visual
localization, motion checks, and independent laser-safety control are therefore necessary
for reliable field operation.

Several limitations remain. The VOID results show unresolved large-error outliers,
and self-supervised view synthesis may degrade under non-rigid branch motion, rolling-
shutter artifacts, or platform vibration. Future work will focus on outlier suppression,
embedded deployment, and larger outdoor trials.

5. Conclusions
This paper presented RG-RGD, a task-triggered local RGB-D depth-refinement

framework for robotic 3D manipulation of small targets. The method combines self-
play benefit-driven foveation, residual prediction with Bayesian measurement fusion,
UACSPN propagation, and IMU-assisted self-supervised training. On the public VOID
benchmark, RG-RGD achieved 24.95 mm MAE and 10.85 iMAE. On self-collected London
plane fruit-ball data, BFS-SOFA improved ROI geometric error more strongly than full-
image error, while IMU conditioning reduced view-consistency losses relative to vision-
only PoseNet. Runtime profiling showed 72.70 ms mean end-to-end Python-pipeline
latency and 78.05 ms P95 latency at 320 × 320 resolution on an RTX 3070 Ti laptop GPU.
The qualitative laser-ablation use case illustrates how refined local geometry can support
target localization, branch filtering, cutting-point selection, and gimbal-based execution.
These results suggest that task-oriented local RGB-D refinement is a practical perception
component for robotic manipulation.
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The following abbreviations are used in this manuscript:

BFS-SOFA Benefit-driven Foveated Scale head with Small-Object Focused Attention
BMF Bayesian measurement fusion
GBPN Gaussian belief-propagation network
IMU Inertial measurement unit
iMAE/iRMSE Inverse mean absolute error/inverse root mean square error
MAE Mean absolute error
P95/P99 Ninety-fifth/ninety-ninth percentile; quantity and units are specified in each table
RGB-D Red–green–blue plus depth
RG-RGD Residual-Gated RGB-D Depth Refinement
RMSE Root mean square error
ROI Region of interest
SOFA Small-object focused attention
SSIM Structural similarity index measure
UACSPN Uncertainty-aware convex spatial propagation network
VOID Visual Odometry with Inertial and Depth
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