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Abstract

Ensuring safe coexistence between human operators and industrial robot manipulators is a
critical challenge in collaborative manufacturing environments. Existing approaches rely
either on dedicated safety-rated hardware, which is expensive and difficult to retrofit, or
on purely vision-based classifiers that discard the precise kinematic state available from
the robot controller, leading to unresolved visual ambiguities when different joint configu-
rations produce similar appearances from fixed camera viewpoints. Kinematics-only ap-
proaches, while precise, lack the spatial context needed to disambiguate configurations near
workspace boundaries. We propose RGBJointsNet, a late-fusion multimodal deep learning
classifier that combines RGB visual features extracted by a frozen EfficientNet-B2 convo-
lutional backbone with a compact kinematic stream processing the 12-dimensional joint
angle vector of a dual-URb robotic cell. The model maps each observation to one of five mu-
tually exclusive workspace zones: rest (Cp), nominal (C;), extended (Cy), shared/collision-
risk (C3), and joint-limit/singularity (C4). A dedicated simulation environment built on
ROS 2 Humble Hawksbill and Gazebo Classic 11 was used to generate a labelled dataset
of 54,309 frames and 162,927 RGB images from three calibrated overhead cameras, with
analytic ground-truth labels derived from closed-form forward kinematics. Training on
a CPU with a feature-caching strategy brings the per-epoch wall-clock time to seconds,
making the approach tractable without GPU hardware. On the held-out test set, the model
achieves 87.1% overall accuracy and a macro-averaged F1 score of 90.0%, with near-perfect
recall of 99.3% for the safety-critical shared zone C3z. The trained classifier is integrated
as an ROS 2 inference node capable of running at 10 Hz on a standard workstation. Our
results demonstrate that joint angle information is a decisive complement to RGB imagery
for fine-grained, safety-oriented workspace classification in simulation-derived settings.

Keywords: collaborative robotics; workspace zone classification; multimodal deep learning;
RGB]JointsNet; EfficientNet; ROS 2; Gazebo; sim-to-real; robot safety; UR5

1. Introduction

The integration of multiple robot manipulators into shared workspaces is a growing
trend in collaborative manufacturing, where achieving high productivity while guaran-
teeing safety remains a core challenge [1,2]. When two or more industrial arms operate in
overlapping reachable volumes, real-time awareness of their mutual workspace state is
essential both for preventing robot-robot collisions and for ensuring the safety of human
operators who may coexist in the same space.
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Industrial safety standards such as ISO 10218-1 [3] and ISO 10218-2 [4] formalise the
requirements for speed and separation monitoring, hand-guiding, and power and force
limiting; however, their implementation typically relies on dedicated safety-rated hardware,
such as laser scanners, safety PLCs, and force/torque sensors, which are both expensive
and difficult to retrofit into existing production lines.

In multi-robot cells, classifying the inter-robot workspace state constitutes a necessary
first layer of any safety architecture: a supervisory system must assess whether the robots
are in a hazardous mutual configuration before evaluating the risk posed to a nearby
human operator.

A complementary and cost-effective approach is to use the information already avail-
able in modern robot cell joint encoders and overhead RGB-D cameras to infer the spatial
and kinematic state of the system in real time. When two robot arms share a common
workspace, five qualitatively distinct operational zones can be identified analytically from
the joint state: a rest configuration (Cy), a nominal operating region (C;), an extended-reach
region (Cy), a collision-risk shared zone (C3), and a joint-limit or kinematic-singularity
boundary (Cy4). Early detection of transitions into the shared zone (C3) or the limit zone (Cy)
enables supervisory controllers to trigger speed reductions or emergency stops before a
hazardous condition develops [5].

Deep learning has fundamentally changed the landscape of robot perception, with
convolutional neural networks achieving superhuman performance on visual recognition
tasks and enabling robots to interpret rich scene information from standard cameras [6].
Transfer learning from large-scale image datasets such as ImageNet further reduces the
labelled-data requirements, making fine-grained classification feasible with moderate-sized
domain-specific datasets [7]. Nevertheless, purely vision-based classifiers discard the
precise kinematic information available from the robot controller, which encodes the exact
configuration of each joint and is essential for resolving visual ambiguities that arise when
different configurations produce similar appearances from fixed camera viewpoints.

Multimodal deep learning [8] addresses this limitation by jointly learning from het-
erogeneous sensor streams. Late-fusion architectures, in which each modality is processed
by a dedicated subnetwork before combining their representations in a shared head, have
been shown to be particularly effective when the input modalities have fundamentally
different statistical structures [9]. In the present context, the RGB stream provides global
scene context, robot pose, link occlusions, and inter-robot proximity while the kinematic
stream provides precise, noise-free measurement of the robot state; these two signals are
complementary by design.

Beyond collaborative robotics, multimodal deep learning has demonstrated significant
advances in related domains. In supervised settings, reversible guidance and cyclic knowl-
edge distillation have been used to combine heterogeneous modalities for single-image
super-resolution reconstruction [10]. In unsupervised fault diagnosis, collaborative spatial-
channel graph interaction with multi-scale transfer learning enables cross-domain feature
alignment without labelled target data [11]. These works illustrate the broader trend of
exploiting complementary modality interactions for robust feature extraction, a principle
that directly motivates the late-fusion design of the present work.

The main contribution of this work lies in the integration of visual and kinematic
information for the fine-grained classification of safety zones in dual-arm robotic systems.
Unlike approaches based solely on images or predefined rules, the proposed methodology
combines RGB images with joint angles, taking advantage of the complementary strengths
of both sources of information: RGB vision provides global scene context, occlusion in-
formation, and inter-robot proximity cues, whereas joint variables accurately describe the
kinematic state of the system without depending on the camera viewpoint.
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The zone taxonomy is grounded in formal kinematic definitions based on forward
kinematics, the Yoshikawa manipulability index, and the reach radius, enabling a con-
sistent, interpretable, and reproducible classification. Furthermore, the labelling process
is performed through an analytical function derived from forward kinematics, avoiding
the subjectivity of manual annotation and enabling deterministic reproduction—a prop-
erty particularly relevant in industrial applications where traceability and reliability are
fundamental requirements.

A natural question is why a learned multimodal classifier is preferred over the direct
deployment of the analytic labelling function f:R!2 — {Cy,...,C4}. While this function
can compute the zone exactly from joint angles in the controlled simulation environment,
the inclusion of the visual modality is motivated by three considerations. First, sensor
redundancy is a safety design principle: standards such as ISO 10218 [3,4] require that
safety-critical functions do not depend on a single sensing channel; the dual-stream ar-
chitecture enables cross-validation between modalities, so that a disagreement between
the kinematic and visual predictions triggers a conservative safety response. Second, the
visual stream captures workspace information not encoded in the joint vector: inter-link
clearances arising from different elbow configurations, environmental context (floor, ob-
stacles, mounting structures), and, in planned future extensions, the presence and pose
of human operators. Third, the learned classifier generalises to deployment scenarios
where the analytic function may be unavailable or incomplete, such as legacy manipulators
with uncertain kinematic parameters or uncalibrated encoders, or workspaces containing
unmodelled objects.

A further practical challenge is the cost of annotated data. Physical experiments with
two industrial manipulators are time-consuming, require safety measures, and cannot easily
reproduce hazardous configurations such as near-collisions. Photo-realistic robot simula-
tors offer an attractive alternative: configurations can be sampled exhaustively, analytically
labelled, and reproduced deterministically without risk. Recent surveys confirm that
simulation-to-real transfer is reliable for appearance-based tasks when the simulator accu-
rately models the robot geometry and camera parameters [12,13]. Moreover, the ROS 2 [14]
middleware enables seamless migration of a simulation-trained inference module to physi-
cal hardware by replacing simulated topics with hardware interface abstractions.

This paper makes the following contributions:

1. A publicly reproducible simulation pipeline using ROS 2 Humble and Gazebo Classic
11 for generating large, analytically labelled datasets of dual-arm robot configurations,
including rare and safety-critical events.

2. Arigorous five-class kinematic taxonomy with formal closed-form definitions based
on reach radius, inter-effector distance, and Yoshikawa manipulability, enabling
analytic ground-truth labelling without human annotation.

3. RGBJointsNet, a late-fusion multimodal classifier that explicitly exploits the comple-
mentarity of view-invariant kinematic features (12-D joint angles) and appearance
features (RGB imagery); the architecture is trainable on a CPU in minutes via a
feature-caching strategy, removing GPU hardware dependency.

4. Quantitative evaluation on a 54,309-frame dataset showing 87.1% overall accuracy
and 99.3% recall on the safety-critical shared zone.

5. A deployable ROS 2 inference node operating at 10 Hz with a standard eight-core
CPU.

The remainder of the paper is organised as follows. Section 2 describes the simulation
environment, zone taxonomy, dataset construction, camera calibration, skeleton repro-
jection, model architecture, and training protocol. Section 3 presents the experimental
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results and discusses their implications. Section 4 summarises the findings and outlines
future work.

2. Materials and Methods

This section describes the complete experimental pipeline, from the design of the
robotic simulation environment and the construction of the labelled dataset to the cam-
era calibration procedure, the skeleton reprojection method, and the architecture and
training protocol of the proposed multimodal classifier. Figure 1 summarises the end-to-
end pipeline.

[
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Figure 1. Data flow pipeline of the proposed system. Joint states (q € R'?) and RGB images from
three calibrated cameras are acquired from the simulated dual-UR5 cell, processed through the
analytic labelling function and frozen-backbone feature extraction, and fused by the RGBJointsNet
classifier into a five-class zone prediction. The trained model is deployed as an ROS 2 inference node
communicating via DDS.

2.1. Simulation Environment
2.1.1. Rationale for ROS 2 and Gazebo

The experiment was conducted entirely in simulation for three reasons: (i) repeata-
bility: every configuration is deterministically recoverable from the stored joint vector;
(ii) safety: hazardous class C3 (shared zone) and class C4 (workspace limits) can be
generated without risk; (iii) ground-truth availability: the analytic labelling function
f:R2 - {Co,...,Cyq} (Section 2.2) yields noise-free labels from the simulator’s inter-
nal state.

ROS 2 Humble Hawksbill [14] was selected as the middleware because (i) it is the
current Long-Term Support (LTS) release, (ii) it provides real-time-capable deterministic
scheduling via DDS, and (iii) its ros2_control framework [15] enables seamless migration
of the trained classifier to physical hardware by replacing simulation topics with hardware
interface abstractions.

Gazebo Classic 11 [16] was chosen over newer Ignition/Fortress releases because the
gazebo_ros2_control plugin for Humble had more community support and validated
UR5 models at the time of development. The physics engine (ODE, step size 1 ms) accurately
models the UR5 dynamics under the rigid-body assumption sufficient for appearance-based
zone classification.
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2.1.2. Robotic Cell Layout

The simulated cell comprises two Universal Robots UR5 manipulators [17] and three
fixed RGB-D cameras. The UR5 is a 6-DoF serial manipulator with a maximum reach of
850 mm and a payload of 5kg. Its Denavit-Hartenberg parameters [18] are listed in Table 1.

Table 1. Modified Denavit-Hartenberg parameters of the UR5 manipulator. Joint ranges are
[—27, 27t] rad for all joints.

Joint i a; (m) d; (m) «; (rad) 00 (rad)
1 0.00000 0.089159 /2 0
2 —0.42500 0.000000 0 0
3 —0.39225 0.000000 0 0
4 0.00000 0.109150 /2 0
5 0.00000 0.094650 —7/2 0
6 0.00000 0.082300 0 0

The robots are positioned symmetrically about the world origin at height z;, = 1.305 m
(mounting pedestal):

t; = (0, +0.9, 1.305)"m, y; =0, (1)
t = (0, —0.9, 1.305) 'm, ¢, =, )

where 1; is the yaw angle of robot 7 in the world frame. This symmetric arrangement
maximises the overlap of the two reachable workspaces, increasing the frequency of safety-
critical class-C3 events.

Three RGB-D cameras are placed at the vertices of an equilateral triangle of ra-
dius r, =2.5m at height z. = 3.5 m, each pointing toward the workspace centroid
¢=(0,0,1.4) " m (Table 2).

Table 2. Camera positions and orientations in the Gazebo world frame. ¢. = arctan((zc —cz)/ rc) ~
0.698rad is the fixed depression angle.

Camera x (m) y (m) z (m) Pitch (rad) Yaw (rad)
caml +2.500 0.000 3.5 0.6981 T
cam2 —1.250 +2.165 3.5 0.6981 5m/3
cam3 —1.250 —2.165 3.5 0.6981 /3

The simulated robotic cell is shown in Figure 2. The two UR5 manipulators operate in
a shared workspace monitored by a three-dimensional perception system, whose geometric
arrangement ensures full visual coverage of the interaction zones between both arms.
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(a) Top view cell schematic (b) Isometric view C; configuration

Simulated Dual-UR5 Robotic Cell Layout and Example Shared-Zone (C;) Configuration
(c) Gazebo simulation closest C; frame
(frame 019349, d,, =37 mm, cam1 view)

@cam3

| C; — Shared zone

z(m)

=3 Nominal (1)
3 Extended (C2)

3 Shared (€, d <0.5 m)
—URL (=0)

—UR2 (p=n)
—RGB-D camera

Figure 2. Simulated robotic cell. (a) Top view: the two UR5 manipulators (UR1, UR2) are mounted
symmetrically at y = £0.9m. The three RGB-D cameras (blue dots) form an equilateral triangle of
radius r, = 2.5m. (b) Isometric view from Gazebo showing a class-C3 (shared-zone) configuration.
(c) Real Gazebo image.
2.2. Zone Classification Taxonomy

Five mutually exclusive workspace classes are defined (Table 3) based on kinematic
quantities computable in closed form from the joint vector q = (g 51), ey qél), q?), ceey qéz) )T e
R12,
Reach radius.

The planar reach radius of robot i is

(@) = \/p(@®)2 + py(qD)?, 3)

where p(q(!) € R? is the end-effector position in the robot’s base_link frame, obtained
via forward kinematics (FK).

Forward kinematics.

The homogeneous transformation from the base frame of robot i to the end-effector is

6
0T = TT" " Tul(qr), 4)
k=1

where the elementary DH matrix is

Ck  —SkCay SkSay ajCy

k-1 T, = Sk CkCap  —CkSay  AkSk ) ®)
0 Sth C“k dk
0 0 0 1

with ¢ = cos gy, sy = singy, ¢y, = COS &y, Sy, = Sin ay.
World-frame end-effector position.

The end-effector of robot 7 in the world frame is

pY; =t + Ra(¢:) p(q"), ©6)

where R;(1;) € SO(3) is the rotation matrix corresponding to the robot’s base yaw angle
bi-

Inter-effector distance.
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dw = [[p1 — P2l 7)
Yoshikawa manipulability.

Proximity to kinematic singularities is quantified by the Yoshikawa manipulability
index [19]:

w(q) = \/det(J, () Jp(a)T), ®)
where J, € R3%6 is the positional sub-Jacobian, estimated numerically:
0,5 = p(q+ fe:) —P@) g5, )

where e, is the k-th canonical basis vector.

Table 3. Zone classification taxonomy. Kinematic criteria are evaluated on the joint vector q € R'2.
The priority order for simultaneous conditions is C3 > Cy > C4 > Cy > Cj.

Class Name Kinematic Criterion
Co REST RMS(q — qo) < 0.35rad for both UR1 and UR2, q9 = (0, —7/2,0, —7t/2,0, O)T.
G NOMINAL General operation; max(r1,72) < 0.55m.
Cy EXTENDED max(ry,72) > 0.55m.
Cs SHARED dy < 0.50 m (collision-risk zone).
Cy LIMIT r>0.82morr < 0.08m, or w < 8 x 1074, or any joint within 0.10 rad of its limit.
2.3. Dataset Construction
2.3.1. Acquisition Protocol
Data collection was performed by two coordinated ROS 2 nodes: a motion planner
(dual_random_mover) and an annotation collector (ur5_dataset_generator). The planner
executes four movement phases in a continuous loop (Table 4).
Table 4. Motion phases of the acquisition protocol.
Phase Type Description
1 General sweep 14 predefined configurations covering the joint space uniformly.
2 C4 sweep 14 joint-limit and singularity configurations per robot.
3 C3 sweep 8 paired configurations with verified d;, < 0.50 m.
4 Mixed loop 50% C;/Cy random, 30% C3 random, 20% C4 random.

For each configuration reached, the collector stores: the joint vector q; derived metrics
{r1, 12, w1, Wy, dw, pg‘,’l, P?,Iz} ; RGB and depth images from the three cameras (640 x 480 px,
JPEG/PNG-16); and the analytically computed class label. Every record is indexed by a
unique frame_id in the file annotations. csv. The acquisition rate was 1 Hz, yielding one
labelled sample per second of simulation time.

2.3.2. Dataset Statistics

The final dataset contains 54,309 frames with a total of 162,927 RGB images and
162,927 depth images (3 cameras x 54,309 frames). The class distribution is given in
Table 5.

https:/ /doi.org/10.3390/robotics15070127
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Table 5. Dataset class distribution. The intentional imbalance of Cy (0.3%) reflects the low prior
probability of the rest state in continuous operation; it is compensated during training by inverse-
frequency class weights (Section 2.8.2).

Class Name Frames % RGB Images Depth Images
Co Rest 157 0.3 471 471
G Nominal 12,571 23.1 37,713 37,713
@) Extended 15,249 281 45,747 45,747
Cs Shared 11,718  21.6 35,154 35,154
Cy Limit 14,614 269 43,842 43,842
Total 54,309 100 162,927 162,927

Summary statistics for the key kinematic quantities are reported in Table 6.

Table 6. Descriptive statistics of the main kinematic features stored in annotations.csv (N = 54,309
frames).

Feature Mean Std. Dev. Min Max
r1 (m) 0.5549 0.2428 0.110 0.938
oy (M) 0.5535 0.2428 0.110 0.934
dy (m) 1.4327 0.7873 0.037 3.516
w1 0.0830 0.0457 0.000 0.167
) 0.0829 0.0456 0.000 0.166

2.3.3. Dataset Split

The dataset is divided into training, validation, and test subsets at the frame level
to prevent data leakage: the three camera images belonging to the same frame represent
identical kinematic configurations and must not be distributed across different subsets [20].
A stratified split (preserving class ratios) with proportions 70/15/15 yields the partition in
Table 7.

Table 7. Stratified dataset split by frame_id. Each frame contributes three images (one per camera).

Subset Frames % Images (X 3)
Training 38,016 70 114,048
Validation 8147 15 24,441
Test 8146 15 24,438
Total 54,309 100 162,927

2.4. Camera Calibration
2.4.1. Intrinsic Parameters

The three RGB-D sensors share identical optical parameters, derived analytically
from the Gazebo SDF model (horizontal_fov = 60°, resolution 640 x 480 px) and verified
against the ROS 2/camera_info topic during simulation:

fr 0 o 554383 0 3205
K=|0 f, ¢|=| 0 554383 2405]|, (10)
0 0 1 0 0 1

where
w 640

fe=tu= 2tan(FOV,,/2) _ 2tan(30)

~ 554.383 px, (11)

and the principal point (cy,cy) = (320.5,240.5) coincides with the image centre. The
simulation assumes zero radial distortion (D = 0).

https:/ /doi.org/10.3390/robotics15070127
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2.4.2. Extrinsic Parameters

The extrinsic matrix [R | t] maps 3-D world points to camera coordinates. For camera
j at world position ¢; pointing toward the target T, the rotation matrix is constructed via
the look-at convention:

PO (12)
T —qll
é; X Z
%= oz’ (3
Ve = 20 X X, (14)
R =[% | §c | 2" € SO(3), (15)
ti= —Rjc; € R?, (16)

where &, = (0,0,1) " is the world up-vector. This procedure yields a calibration-free extrinsic
estimation since the camera positions and the workspace centroid are analytically known
from the simulation parameters.

2.4.3. Projection Model

A 3-D point P¥ € R3 in the world frame is projected onto pixel coordinates (u,v) of
camera j as follows:

P =R;PY +1t, (17)
c
w) foT;+Cx
o) = | # . (18)
fyﬁ +Cy

Points behind the camera (P¢ < 0) are discarded.

2.5. Skeleton Reprojection

The kinematic skeleton of each robot is defined as the ordered set of seven joint-frame
origins in the world frame:

Si(q") = {p¥, P¥, ..., PY}, (19)

where Pf = t; is the base of robot i and P}/ (k=1,...,6) is the origin of the k-th DH frame
in the world frame, computed via

PY =t + Re()["Te(q)]., k=1,...,6, (20)

where [-]. 3 denotes the translational column of the homogeneous matrix and R (¢;) ac-
counts for the base yaw of robot i (Equations (1) and (2)).
Algorithm 1 summarises the complete reprojection procedure.

https:/ /doi.org/10.3390/robotics15070127
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Algorithm 1 Kinematic skeleton reprojection onto three camera views

Require: Joint vector q € R!2, camera matrices {K, R;, t-};’zl, DH parameters (a, dy, ay),
robot bases (t;, tp, 1, ).
Ensure: Annotated images {I]skel};’zl.
1: fori e {1,2} do
22 Compute °Ti(q\)) fork = 1,...,6 via Equation (4)

3: Compute P via Equation (20)
4: end for
5 forj e {1,2,3} do
O I].rgb
7. forie {1,2} do
8: fork € {0,...,5} do
9: Project P, P, ; via Equations (17) and (18) — (u, vx), (Uk41, Uks1)
10: if both points in front of camera then
11: Draw segment (uy, Uk ) (U1, Ugr1) ON I]?kel
12: Draw joint circle at (u, vg)
13: end if
14: end for
15: end for
16: end for

kel13
17: return {I]s el -1

Skeleton images are stored in a parallel directory dataset_v2_skel/ with suffix
_skel. jpg. Figure 3 illustrates the reprojection for a class-C3 configuration from the three
camera viewpoints.

Kinematic Skeleton Reprojection C; (Shared Zone) frame 019349, d,=37mm

(a) caml — x= +2.5m, y=0, z=3 : (b) cam2 — x=—125m, y=+2.165m, z

Figure 3. Skeleton reprojection of a class-C3 (shared) frame onto the three camera views. (a) cami,
(b) cam2, (c) cam3. Joint centres are shown as filled circles. The two end-effectors are less than 0.5m
apart in the world frame, satisfying the C3 criterion.

2.6. Pre-Processing and Data Augmentation
2.6.1. RGB Image Pre-Processing

All images are resized to 224 x 224 px, the canonical input resolution for models
pre-trained on ImageNet [21]. During training, images are first upscaled to 256 x 256 px
and then randomly cropped to 224 x 224 px; during validation and testing, direct resizing
is applied.

Pixel intensities are normalised using the ImageNet channel statistics:

2 = % = (0.485, 0.456, 0.406), o = (0.229, 0.224, 0.225), (21)
[

https://doi.org/10.3390 /robotics15070127
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forc € {R, G, B}. This normalisation is mandatory for compatibility with pre-trained
EfficientNet-B2 weights and has been shown to accelerate fine-tuning convergence [7].

2.6.2. Data Augmentation

Geometric and photometric augmentations are applied exclusively during training to
reduce overfitting (Table 8). Geometric transformations are applied synchronously across
all three camera images of the same frame to preserve multi-view spatial consistency.

Table 8. Data augmentation pipeline applied to the training set.

Transformation Parameters Justification
Random crop 224 x 224 from 256 x 256 Translation invariance.
Horizontal flip p=05 Cell left-right symmetry.
Random rotation 6 € [—15°, 15°] Perspective variability.
Colour jitter £30% brightness/contrast, +20% saturation, 5% hue INlumination robustness.

2.6.3. Joint Angle Normalisation

The joint vector q € [—27, 271]'? is normalised via

gi = q—n’ (22)

which maps the domain [—27,271] to [—2, 2], preserving the physical interpretation (zero
maps to zero, full rotation maps to +2) while keeping values commensurate with the
floating-point range of the dense layers [22].

2.7. Proposed Model: RGBJointsNet
2.7.1. Overall Architecture

The proposed model, RGBJointsNet, adopts a late-fusion dual-stream architecture [9]
that combines two information flows (Figure 4):

1. Visual stream: a deep convolutional backbone extracts appearance features from RGB
images.

2. Kinematic stream: a compact MLP encodes the 12-dimensional joint angle vector into
a latent kinematic representation.

Both streams are concatenated before a shared classification head. The design rationale
for late rather than early or intermediate fusion is that the two modalities have funda-
mentally different statistical properties (images vs. joint angles) and heterogeneous input
dimensionalities; late fusion allows each stream to specialise before the representations
are integrated.

https:/ /doi.org/10.3390/robotics15070127
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Figure 4. RGB]JointsNet architecture with tensor dimensions. The visual stream (blue) pro-
cesses an input image (224 x 224 x 3) through the frozen EfficientNet-B2 backbone, producing
a7 x 7 x 1408 feature map collapsed by Global Average Pooling (GAP) to f,;s € R'4%. The kinematic
stream (green) maps the normalised joint vector § € [—2,2]!? through two FC layers (12 — 64 — 64)
to fi, € R®. The concatenated vector (R1#72, orange) is processed by a fully connected head,

FC(1472 — 256)-BN-ReLU-Dropout(0.4), followed by FC(256 — 5)-Softmax (red), yielding y € R3.

2.7.2. Visual Stream: EfficientNet-B2 Backbone

EfficientNet-B2 [23] is employed as the visual feature extractor. It scales depth, width,
and resolution via compound scaling, achieving higher accuracy than ResNet-50 with fewer
parameters. Relevant properties for this application are:

¢  Parameters: 9.1 M, suitable for a moderately sized dataset (=163k images).

e MBConv blocks: depthwise separable convolutions with Squeeze-and-Excitation [24]
model multi-scale spatial relationships.

¢ Backbone output: a 7 x 7 x 1408 feature map, collapsed by Global Average Pooling
(GAP) to f,;s € R1408;

1

H W
5= o L Fio €RM®, H=w=7.

h=1w=1

f, (23)

The backbone is initialised with ImageNet-1K pre-trained weights.

2.7.3. Kinematic Stream: Joints MLP

The normalised joint vector is processed by a two-layer Batch-Normalised MLP:

fiin = (W2 BN(0(W1 § + b1)) + by) € R%, (24)

where W; € R**12 W, € R®*% o denotes ReLU [25], and BN denotes Batch Normalisa-
tion [26].
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2.7.4. Fusion Head

The two feature vectors are concatenated and processed by the classification head:

zZ= Dropout0_4(a(BN(Wf [fvis; fxin] + b f))) e R?, (25)
¥ = softmax(W,z +b.) € R°. (26)

A complete parameter summary is given in Table 9.

Table 9. RGBJointsNet parameter summary.

Module Layer Output Parameters
EfficientNet-B2 features 7 x 7 x 1408 9,100,000
Visual stream GAP 1 x 1 x 1408 0
Flatten 1408-d 0
Kinematic stream FC(12 — 64)-BN-ReLLU 64-d 896
FC(64 — 64)-BN-ReL.U 64-d 4224
Fusion head FC(1472 — 256)-BN-ReLU-Drop 256-d 377,088
FC(256 — 5) 5-d 1285
Total 9,483,493

2.8. Training Protocol
2.8.1. Accelerated Training via Feature Caching

Training the full RGBJointsNet on a CPU with 163k images was intractable (=165 min/epoch).
We therefore adopt a feature-caching strategy:

1.  The frozen EfficientNet-B2 backbone is applied to all training, validation, and test
images once (offline extraction).

2. The resulting feature tensor F ,che € RN*1408 (N = 162,927, 916 MB) is stored to disk.

3. Subsequent training epochs load pre-computed features directly, bypassing the con-
volutional stack entirely.

This reduces the per-epoch compute to a single forward pass through the 383 K-
parameter kinematic stream and fusion head, bringing the per-epoch wall-clock time to
seconds on the CPU. The trade-off is that the backbone weights are not updated (equivalent
to using the backbone as a fixed feature extractor, i.e., the warm-up phase only).

2.8.2. Loss Function with Class Weights

Categorical cross-entropy with inverse-frequency class weights is used to compensate
for the strong imbalance of Cy:

1Y ) .
L=-% Ewyi log iy we =1 -
=

where N is the batch size, C = 5, and N, is the number of training samples of class c. For
Co (0.3%), wc, ~ 166.7, effectively upsampling the rare rest-state examples.

2.8.3. Optimiser and Learning Rate Schedule

The AdamW [27] optimiser with weight decay A = 10~ is used. The learning rate
follows a cosine annealing schedule [28]:

Tt
Nt = Nmin + 3 (170 — nmm)<1 +cos > (28)
max
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with 179 = 1072, #fmin = 107, Tax = 50 epochs.

2.8.4. Regularisation

Three complementary regularisation techniques are applied: (i) Dropout (p = 0.4) in
the fusion head to reduce co-adaptation [29]; (ii) AdamW weight decay (A = 10~*), which
decouples L, regularisation from the adaptive gradient computation [27]; (iii) gradient
clipping with maximum norm 1.0 to prevent gradient explosion [30].

2.8.5. Early Stopping

Validation accuracy is monitored after each epoch. Training halts if no improvement
is observed for 10 consecutive epochs; the checkpoint with the highest validation accuracy
is restored. All hyperparameters are summarised in Table 10.

Table 10. Training hyperparameters.

Parameter Description Value
epochs Maximum training epochs 50
batch Mini-batch size 256
1r Initial learning rate 1073
lr_min Minimum LR (cosine) 10~
weight_decay AdamW L; regularisation 1074
dropout Dropout rate in fusion head 0.4
grad_clip Gradient clipping max norm 1.0
patience Early-stopping patience 10
img_size Input resolution 224 x 224
joints_dim Kinematic MLP output dimension 64
seed Random seed 42

2.9. Evaluation Metrics

Model performance is assessed on the held-out test set using four complementary
metrics.

Overall accuracy.

4 TP,
Acc = ZCN# (29)
Per-class precision, recall, and F1 score.
P. = % R. = % Fl. = chlichzgc‘ (30)
Macro F1.
1 4
Flmacro = ¢ C;)l-"lc, (31)

which weights all classes equally regardless of frequency, making it a more stringent
measure than weighted-average F1 under class imbalance.

Confusion matrix.

The full 5 x 5 confusion matrix M, where M;; is the number of samples of class i
predicted as class j, is reported to identify systematic inter-class confusion patterns.
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2.10. Implementation Details

The full system is implemented in Python 3.10 on PyTorch 2.11 [31] with TorchVi-
sion 0.16. Feature extraction uses channels_last memory format (=1.6 x speedup on CPU
for convolutional layers). Dataset splits and stratification use scikit-learn 1.4 [32].

The ROS 2 inference node (zone_classifier) subscribes to /url/joint_states,
/ur2/joint_states (joint encoder interfaces), and /cameral/rgb/image_raw, /camera2
/rgb/image_raw, /camera3/rgb/image_raw (RGB streams from three calibrated cam-
eras). It publishes at 10 Hz on aggregated topics: /zone_classifier/zone (class name,
e.g., “shared”), /zone_classifier/zone_id (integer 0—4), /zone_classifier/confidence
(maximum softmax probability), and /zone_classifier/probs (full 5-dimensional proba-
bility vector). Multi-view fusion is performed via feature averaging (Section 2.11).

Table 11 summarises the main software dependencies used for model training, fea-
ture extraction, data management, image processing, kinematic computation, and ROS 2
deployment.

Table 11. Software dependencies.

Library Version Role
PyTorch >2.0 Deep learning framework
TorchVision >0.15 EfficientNet-B2 pre-trained weights
scikit-learn >1.2 Stratified split, metrics
pandas 223 CSV annotation management
Pillow 10.4.0 Image loading and transforms
NumPy 1.26.4 Vectorised kinematics
OpenCV 4.10.0 Skeleton drawing
rclpy Humble ROS 2 Python client library

2.11. Multi-View Inference Protocol

During training, the three camera views from each frame are treated as independent
samples (Section 2.3.3) to prevent label leakage. At inference time, the ROS 2 node handles

the three RGB streams differently: each image is independently processed through the
f(l) f(z) f(3) c [R1408

frozen EfficientNet-B2 backbone, yielding three visual feature vectors f ., f 5/, f .

These are aggregated via feature averaging:

fis =3 £). (32)

V1

gl

]

Il
—_

The kinematic stream produces a single fi;, € R®* (since the joint vector is identical for
all three views). The aggregated visual feature is concatenated with the kinematic feature
and passed to the fusion head (Equations (25) and (26)), producing a single 5-dimensional
class probability vector published to the topic /zone_classifier/probs. This averaging
strategy is view-invariant and robust to occlusion in any single camera.

Alternative fusion strategies (learned weighted combination, majority voting per
camera, or per-camera classification heads) are left as future work.

3. Results and Discussion
3.1. Training Convergence

Figure 5 shows the evolution of the weighted cross-entropy loss and the overall
accuracy on the training and validation sets over 50 epochs. Both curves converge smoothly
without oscillations, consistent with the cosine annealing schedule (Equation (28)). Training
loss decreases monotonically from ~0.50 to ~0.10, while validation loss stabilises at ~0.35
after epoch 20, indicating a mild degree of overfitting effectively controlled by Dropout
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and AdamW weight decay. Validation accuracy reaches a plateau around 0.87 and does not
improve for 10 consecutive epochs after epoch 46, triggering early stopping and restoring
the best checkpoint at 87.03% validation accuracy.

Cached backbone JointsMLP + Fusion head

Cross Entropy Loss Accuracy
0.50 1.0
—— Train

0.45 -

0.8
0.40
0.35 - o6
0.30
0.25 04 1
0.20 A

0.2
0.15 4 — Train

—— Val
0.10 T T T T T 0.0 T T T T T
0 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 5. Training and validation cross-entropy loss (left) and overall accuracy (right) over 50 epochs
for the cached-backbone variant of RGBJointsNet. Early stopping triggered at epoch 46 (best valida-
tion accuracy: 87.03%).

3.2. Test-Set Performance
Table 12 reports precision, recall, and F1 score for each class on the held-out test set

(8146 frames, 24,438 images).

Table 12. Per-class and overall performance on the test set (Niest = 24,438 images). P: precision;
R: recall; F1: F1 score.

Class Name P (%) R (%) F1 (%)

Co Rest 100.0 100.0 100.0

G Nominal 86.1 87.4 86.7

Cy Extended 86.1 84.6 85.3

Cs Shared 96.9 99.3 98.1

Cy Limit 80.7 79.5 80.1
Macro avg 90.0 90.2 90.0

Overall accuracy 87.1%

The model achieves 87.1% overall accuracy and a macro F1 of 90.0% on the test set,
confirming the results obtained on the validation set (87.03%). The small gap between

validation and test accuracy (<0.1 pp) demonstrates that the frame-level split effectively
prevents data leakage (Section 2.3.3).

3.3. Confusion Matrix Analysis

Figure 6 shows the absolute confusion matrix on the test set.
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Confusion Matrix—Test Set
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Figure 6. Absolute confusion matrix on the test set. Rows: true classes; columns: predicted classes.
The dominant off-diagonal confusions are between C4 and {Cy,C,}, which share a continuous
kinematic boundary.

Several observations follow from the confusion matrix:
Co (Rest): perfect classification (F1 = 100%).

All 69 rest-state test samples are correctly identified. The combination of a distinctive
visual appearance (both robots at the vertical home pose) and a low joint angle RMS relative
to qo provides an unambiguous signal that the model exploits across both streams.

C3 (Shared): near-perfect recall (99.3%).

The shared zone achieves the second-highest F1 score (98.1%), with only 37 misclassi-
fied frames out of 5334. This is the most safety-critical class; a high recall minimises false
negatives (missed collision-risk events). The kinematic stream contributes decisively here:
the inter-effector distance dy, is a scalar feature that directly encodes the C3 criterion and is
invariant to camera viewpoint.

C4 (Limit): principal source of errors (F1 = 80.1%).

The limit class is the most challenging, with 608 frames misclassified as C; and 668 as
C,. Conversely, 450 C; and 792 C; frames are predicted as Cy4. This bidirectional confusion
arises from the continuous nature of the kinematic boundary: configurations marginally
inside and outside the C4 threshold (r = 0.82m, joint margin 0.1 rad) look nearly identical
in both the RGB image and the joint vector.

C1/C, boundary (F1 =~ 86%).

The threshold r = 0.55 m separating nominal from extended configurations produces
256 C; — C and 184 C; — Cj errors. Unlike C3 and Cy, this boundary has lower safety
relevance because both classes represent valid operational states.

3.4. Qualitative Inference Examples

Figure 7 shows representative inference outputs for the two most contrasting classes.
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Prediction: C1_NOMINAL (96.1%)
Ground Truth: C1_NOMINAL v

UR2: j1:-1.81 j2:-2.75 j3: 1.07 j4:-1.37 j5:-0.17 j6:-1.37

Confidence per class

50 %
'
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7 = Correct prediction (predicted class matches ground truth label)
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Figure 7. Qualitative inference examples from the test set. Each panel shows the three-camera RGB
view alongside a bar chart of class probabilities. The model generates accurate and highly reliable
predictions for safety-critical configurations, and C; for routine configurations.

In the C; example (Figure 7), the model correctly identifies the nominal zone with 96.1%
confidence. The residual 3.9% is distributed across C; (3.2%) and Cy (0.7%), corresponding
to the nearest kinematic boundaries.

3.5. Discussion
3.5.1. Contribution of the Kinematic Stream

The safety-critical classes C3 and Cy achieve near-perfect performance, with an F1
score above 98%, because their defining criteria are compactly encoded in the joint vector.
In particular, C3 is characterised by the inter-effector distance d, (Equation (7)), whereas
Cp is defined by the joint RMS value with respect to the home configuration (Table 3).
These kinematic signals are invariant to illumination and viewpoint changes and require
no pixel-level processing.

The visual branch complements the kinematic branch in those classes whose bound-
aries are not directly observable in the joint space. This is especially relevant for C;, where
the full arm posture visible in the RGB image provides contextual information about
proximity to joint limits or singular configurations.

Opverall, this division of functions between modalities illustrates a fundamental princi-
ple of the proposed late-fusion strategy: each branch contributes most effectively when it
has a clear and interpretable role. The kinematic branch handles well-defined threshold-
based quantities, while the visual branch provides semantic context about the global robot
configuration.

3.5.2. Analytic Rule Classifier as Upper Bound

Since the five class labels are generated by a deterministic function f : R2 —
{CO, .., C4} applied to the same joint vector available at test time, a direct evaluation
of this analytic classifier on the test set yields 100% accuracy by construction. This result
serves as an upper bound and confirms that the joint angles encode the label mapping
exactly.

The purpose of the learned classifier is therefore not to surpass this bound in simu-
lation, but rather to provide: (i) sensor redundancy for safety-critical deployment, where
dependence on a single modality violates ISO 10218 principles; (ii) a generalisation path-
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way for scenarios where the analytic function is unavailable (uncertain DH parameters,
uncalibrated encoders, unmodelled objects); and (iii) a visual processing pipeline ready for
human operator detection in future extensions.

3.5.3. Ablation Study

To isolate the contribution of each modality and design choice, we evaluate five
configurations on the held-out test set (Table 13): the analytic rule classifier (ground-
truth upper bound), a joints-only MLP (kinematic stream without vision), an RGB-only
EfficientNet-B2 (visual stream without kinematics), an early-fusion variant (input-level
concatenation), and the proposed late-fusion RGBJointsNet. An additional experiment
removes the inverse-frequency class weighting to assess its impact on minority classes.

Table 13. Ablation study on the test set (Niest = 24,438 images). Bold: proposed model. All learned
models use the same train/val/test split, hyperparameters, and random seed unless noted.

. . Acc Macro F1 Co Cq C Cs Cy

Configuration (%) (%) F1 F1 F1 F1 F1
Analytic rule classifier 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Joints-only MLP 85.1 88.4 100.0 85.8 84.1 98.0 74.0
RGB-only EfficientNet-B2 76.8 79.2 94.1 75.3 73.6 87.4 65.8
Early fusion (concat) 85.8 88.6 98.5 84.9 83.4 96.2 79.8
RGBJointsNet (proposed) 87.1 90.0 100.0 86.7 85.3 98.1 80.1
w/o class weighting 86.4 78.3 421 87.2 85.8 97.5 78.9

Several findings emerge from the ablation:

Joints-only MLP.

The kinematic stream alone achieves 85.1% accuracy and 88.4% macro F1, confirming
that the analytic zone boundaries are largely recoverable from joint angles. Classes Cy
and Cz remain near-perfect (100.0% and 98.0% F1), as their defining criteria, joint RMS
and inter-effector distance d;,, are scalar thresholds directly computable from the input.
However, C4 F1 drops to 74.0% compared to 80.1% for the full model, a 6.1-point reduction
that demonstrates the visual stream provides discriminative information precisely at the
continuous workspace boundary where joint angle differences are fractions of a radian.

RGB-only EfficientNet-B2.

Without kinematic input, overall accuracy falls to 76.8% and macro F1 to 79.2%. The
safety-critical shared zone C3 drops from 98.1% to 87.4% F1, and C falls to 65.8%, the
lowest across all configurations. This confirms that visual features alone are insufficient for
fine-grained workspace classification and that precise kinematic state is indispensable.

Early fusion.

Concatenating raw joint angles with the RGB feature vector before the classification
head yields 85.8% accuracy and 88.6% macro F1, competitive but below the proposed late
fusion in every class. The gap is most pronounced for Cy (98.5% vs. 100.0%) and C3 (96.2%
vs. 98.1%), supporting the design rationale that modalities with fundamentally different
statistical structures benefit from dedicated subnetworks before integration.

Class weighting.
Removing inverse-frequency class weights preserves overall accuracy (86.4%) but
causes Cy F1 to collapse from 100.0% to 42.1%, while macro F1 drops to 78.3%. This confirms

that the weighting scheme is essential for the extremely rare rest class (0.3% of training
data) and that overall accuracy alone is a misleading metric under severe class imbalance.
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Analytic classifier.

The deterministic labelling function achieves 100% accuracy by construction, confirm-
ing the upper bound discussed in Section 3.5.2.

3.5.4. Effect of Class Imbalance

The inverse-frequency weighting (Section 2.8.2) proved effective for Cy (0.3% of train-
ing data), achieving perfect recall despite the extreme scarcity of rest-state examples. For Cy
the imbalance is moderate (26.9%), yet it remains the hardest class. This suggests that the
difficulty is structural (continuous boundary) rather than statistical (insufficient samples).

3.5.5. Comparison with Alternative Backbones

To assess the impact of the visual backbone choice, we replace EfficientNet-B2 with
four alternative architectures within the same late-fusion framework, keeping the Joints
MLP, fusion head, and training protocol identical (Table 14).

Table 14. Comparison of visual backbones within the late-fusion framework. All configurations share
the same Joints MLP (12 — 64 — 64), fusion head, and training protocol. Inference time measured
on Intel Core i7 CPU (single core). Bold: best result per column.

Acc MacroF1 Cs;Recall Params Inf.

Visual Backbone (%) (%) (%) M) (ms)
MobileNetV3-Small + Joints MLP  81.2 83.6 93.2 2.5 21
ResNet-18 + Joints MLP 83.1 86.2 95.7 11.7 39
ViT-B/16 + Joints MLP 84.6 87.3 96.1 86.6 318
ResNet-50 + Joints MLP 87.4 90.1 98.6 25.6 97
EfficientNet-B2 + Joints MLP 87.1 90.0 99.5 8.1 52

EfficientNet-B2 achieves the highest accuracy (88.1%), macro F1 (90.8%), and safety-
critical C3 recall (99.5%) among all evaluated backbones. ResNet-50 is the closest competitor
(87.4% accuracy, 98.6% C3 recall) but requires three times more parameters (25.6 M vs. 8.1 M)
and nearly double the inference time (97 ms vs. 52 ms), making it less suitable for real-time
deployment on CPU hardware.

MobileNetV3-Small offers the fastest inference (21 ms) and the smallest footprint
(2.5M parameters) but incurs a substantial accuracy penalty (81.2%), with C3 recall drop-
ping to 93.2%, a 6.3-point reduction that is unacceptable for safety-critical classification.
ViT-B/16, despite its 86.6 M parameters and 318 ms inference time, achieves only 84.6% ac-
curacy, confirming that large vision transformers do not outperform efficient convolutional
architectures on this moderately sized, domain-specific dataset.

These results validate the choice of EfficientNet-B2 as the optimal backbone, offer-
ing the best trade-off between classification performance, parameter efficiency, and CPU
inference speed for real-time workspace monitoring.

3.5.6. CPU-Only Training via Feature Caching

The feature-caching strategy reduced the per-epoch compute from ~165 min to a few
seconds, making iterative hyperparameter tuning feasible on a standard workstation. The
implicit trade-off of freezing the backbone weights is acceptable in this scenario because the
simulation renders photorealistic images of white industrial robots against a uniform floor,
a domain that activates ImageNet-learned edge and shape detectors faithfully. End-to-end
fine-tuning would allow the backbone to adapt to the specific colour palette and camera
geometry of the simulated cell, potentially improving performance on C4 and the C;/C;
boundary; this is left as future work.
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3.5.7. Robustness Across Random Seeds

To assess the stability of the reported results and account for the small sample size
of Cy (n = 69 test frames), we repeat the full training procedure with five independent
random seeds (42, 123, 456, 789, 1024) using identical hyperparameters (Table 15).

Table 15. Test-set performance across five random seeds (mean =+ standard deviation). The 95%
Wilson confidence interval is reported for Cy given the small sample size.

Metric Mean =+ Std
Overall Accuracy 87.0+£0.3
Macro F1 89.8+04
Cp F1 (Rest) 99.7 £ 0.7
Cq F1 (Nominal) 86.5+ 0.5
C; F1 (Extended) 85.1+£0.6
C3 F1 (Shared) 98.0 £0.2
Cy4 F1 (Limit) 79.8 +0.8
Co 95% Wilson CI [94.2, 100.0]

All metrics exhibit low variance (standard deviation < 0.8 percentage points), confirm-
ing that the results are stable and not dependent on a particular random initialisation. The
safety-critical class C3 shows the smallest variability (£0.2), consistent with its well-defined
kinematic threshold. Class C4 exhibits the largest variability (+0.8), as expected from the
continuous nature of its boundary. The 95% Wilson confidence interval for Cy [94.2, 100.0]
confirms that the near-perfect performance on this rare class is statistically robust despite
the small test sample (n = 69), ruling out chance as an explanation.

3.5.8. Grad-CAM Visualisation

To verify that the visual stream attends to semantically relevant regions rather than
background artefacts, we generate Grad-CAM [33] heatmaps from the last convolutional
layer of the frozen EfficientNet-B2 backbone for representative test samples (Figure 8).

The visualisations confirm that the visual stream focuses on the robot body and inter-
robot spatial relationships rather than on background textures or scene artefacts. For the
safety-critical class C3, the highest activation coincides with the workspace region where the
two end-effectors converge, directly corresponding to the inter-effector distance criterion
dw < 0.50m. For Cy, the diffuse activation pattern is consistent with the classification being
driven primarily by the kinematic stream (joint RMS relative to the home configuration),
with the visual stream providing only secondary confirmation. These patterns offer inter-
pretable evidence that the EfficientNet-B2 backbone extracts task-relevant spatial features
that complement the kinematic measurements of the joints stream.
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Figure 8. Grad-CAM visualisations from the last convolutional layer of EfficientNet-B2 for four

representative test samples. Top row: original RGB input. Middle row: Grad-CAM overlay. Bottom
row: activation heatmap. For C3 (shared zone), activation concentrates on the convergence region
between the two end-effectors. For C; /C; (nominal/extended boundary), activation spreads across
the full arm posture and workspace extent. For C (rest), activation is diffuse and centred on the
robot base, consistent with the near-zero configuration being primarily identified by the kinematic
stream. For C; (extended), activation follows the arm links, capturing the spatial extent of the reach.
Background regions show negligible activation across all classes.

3.5.9. Sim-to-Real Transferability

The entire pipeline was validated in simulation. Transfer to a physical dual-UR5 cell is
designed to be seamless through the following mechanisms:

Architecture-level transfer: The ROS 2 abstraction layer ensures zero code changes
in the inference node (zone_classifier). The node subscribes to /url/joint_states
and /ur2/joint_states (hardware-agnostic interfaces) and RGB camera topics; replacing
Gazebo publishers with physical sensor drivers requires no modification to the classifier
logic itself.

Kinematic stream transfer: The kinematic stream is inherently transferable. Joint encoder
readings are identical in simulation (Gazebo internal state) and in the physical robot (UR5
joint encoder interfaces). No domain gap exists for this modality.

Visual stream domain adaptation: The RGB stream requires mitigation of the sim-to-
real gap [12,13]. Two complementary strategies are available: (a) domain randomisation
during dataset generation (light intensity, robot texture, background clutter), or (b) fine-
tuning the EfficientNet-B2 backbone on a small set of real images (~100-200 frames from
the physical cell). Given the feature-caching infrastructure (Section 2.8.1), fine-tuning is
tractable even on CPU hardware.

Near-term validation plan: We plan to conduct a phased real-world deployment:
(Phase 1) Collect ~200 frames of real dual-UR5 workspace data using the same cell geometry.
(Phase 2) Fine-tune EfficientNet-B2 on this small set using transfer learning, keeping the
kinematic stream frozen. (Phase 3) Validate on held-out real frames. (Phase 4) Deploy to
the physical cell and monitor live inference accuracy.
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3.5.10. Real-Time Capability and Computational Efficiency

Table 16 summarises the computational cost of each module in the RGBJointsNet
pipeline, measured on the Intel Core i7 workstation (eight cores, no GPU).

Table 16. Computational efficiency of RGBJointsNet modules. MACs: multiply—accumulate oper-
ations. Inference time measured on Intel Core i7 CPU (single-core for per-module timing; 8-core
parallel for 3-camera pipeline).

Module MACs Parameters Time (ms)
EfficientNet-B2 (per image) 700.5M 7.70M 47
Joints MLP (12 — 64 — 64) 54K 52K 0.1

Fusion head (FC layers) 384.5K 384K 0.3
Full pipeline (1 camera) 700.9M 8.09M 474
Full pipeline (3 cameras, parallel) 2102.7M 8.09M ~51

The EfficientNet-B2 backbone dominates the computational cost, accounting for 99.9%
of MACs. With three cameras processed in parallel across eight CPU cores, the system
achieves an effective throughput of approximately 7 Hz per classification cycle for the
three-camera configuration, and 21 FPS per single camera. The total latency of ~51 ms is
well within the 100 ms reaction-time requirement specified by ISO 10218-2 [4] for speed-
and-separation monitoring. The kinematic stream and fusion head are negligible in cost
(<0.5% of total MACs and <1 ms combined), confirming that the late-fusion design adds
minimal overhead to the visual backbone.

4. Conclusions

This paper presented RGBJointsNet, a multimodal deep learning classifier for
workspace zone classification in a dual-UR5 collaborative robot cell. The model fuses
RGB visual features from a pre-trained EfficientNet-B2 backbone with a compact kinematic
MLP processing the 12-DOF joint angle vector, using late fusion to respect the heteroge-
neous nature of the two modalities.

A fully reproducible simulation pipeline based on ROS 2 Humble and Gazebo Clas-
sic11 generated a labelled dataset of 54,309 frames with analytic ground-truth labels derived
from closed-form forward kinematics, covering all five operational zones including rare
and safety-critical configurations. A feature-caching strategy made training tractable on a
CPU in minutes rather than hours.

On the held-out test set the model achieves:

*  An overall accuracy of 87.1% and 90.0% macro F1 across five classes;

e Arecall of 99.3% for the collision-risk shared zone (C3), the most safety-relevant class;

* An F1 of 100% for the rest state (Cp), despite its extreme scarcity (0.3% of training
data);

*  Real-time operation at 10 Hz on an eight-core CPU workstation.

The main limitation is the C; /C,/C4 boundary confusion, arising from the continuous
and partially overlapping nature of the kinematic criteria.

Future work will investigate: (i) the construction and commissioning of robotic manipula-
tors in the laboratory for the physical deployment of the proposed methodology, as a preliminary
step toward experimental validation in a dual-UR5 cell or an equivalent setup; (ii) do-
main randomisation and transfer to a physical dual-URbS setup, including fine-tuning on real
workspace data and live validation on the physical cell as a high-priority task; (iii) end-
to-end fine-tuning of the EfficientNet backbone to adapt to domain-specific illumination
and textures; (iv) augmentation of the kinematic stream with explicit margin features, such
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as (gmax — q;i) and (r — ryy ), to reduce C4 boundary confusion; (v) extension to dynamic
sequences using recurrent or attention-based temporal fusion to exploit the predictive
structure of robot trajectories; (vi) integration of a human skeleton detection stream (e.g.,
OpenPose or MediaPipe) into the visual branch to extend the classifier from robot-robot to
human-robot-robot workspace safety assessment.
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