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Abstract

In robotic metal active gas (MAG) welding, weld formation reflects both current
molten-pool behaviour and preceding thermal history. Short-window multimodal
sensing captures local process dynamics but does not explicitly describe the
accumulated thermal response. We propose a thermal-history and morphology-
conditioned fusion network (HMCF-Net) for four-class weld-quality classification.
The network combines global-local visual features from every recorded camera
frame in a 200-ms window with electrical and acoustic features. A finite-plate
calculation driven by recorded power provides a six-dimensional nominal thermal-
history descriptor, including the period before the window. An eight-dimensional
descriptor expresses pool geometry through fixed image-space definitions using
masks from the same images. Both descriptors jointly condition a nonlinear resid-
ual update, with a bypass retaining the observation representation. The dataset
was split at the weld level into 26 training records and 10 validation records.
On 5,078 validation windows, HMCF-Net achieved 94.72% accuracy, 93.04% bal-
anced accuracy and 93.46% macro-F1. Joint conditioning improved macro-F1
by 1.69 percentage points over a matched model using the same multimodal
observation encoder without the two descriptors. It also outperformed variants
using either descriptor alone. These results show that jointly conditioning mul-
timodal observations on calculated thermal history and explicit pool geometry
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improves overall weld-quality classification performance without requiring direct
temperature measurement or a longer camera observation window.

Keywords: robotic MAG welding, weld quality classification, nominal thermal
history, molten-pool morphology, multimodal fusion

1 Introduction

In-process weld-quality recognition supports online assessment of robotic metal active
gas (MAG) welding by distinguishing normal welding, penetration defects and weld
deviation. Multi-source studies in robotic MAG and adaptive gas metal arc welding
(GMAW) have demonstrated the value of sensing for quality evaluation and control
[1, 2]. However, actual welding behaviour can differ from nominal settings (3], and the
relationship between measured signals and penetration state depends on process con-
ditions [4]. Joint gap, groove geometry and molten-pool appearance further influence
the relationship between process observations and the resulting bead [5, 6]. Reliable
recognition therefore involves interpreting local sensor observations in the context of
the conditions under which a weld is formed.

Molten-pool images reveal visible geometry and position, whereas electrical and
acoustic signals capture complementary arc responses. Image—voltage fusion has been
used to recognise burn-through and weld deviation in metal inert gas lap welding [7].
Acoustic—electrical features have supported state and penetration recognition in cold
metal transfer and keyhole tungsten inert gas welding [8, 9]. Multisensor systems have
combined image, current and temperature measurements for laser-MAG monitoring
[10], or image, acoustic and electrical sequences for robotic gas tungsten arc weld-
ing [11]. These studies establish the utility of multimodal sensing. However, a short
observation window does not itself include the recorded power history preceding that
window.

Recent fusion models represent interactions and dynamics among observed weld-
ing signals. Attention-based methods have addressed welding-state recognition,
penetration monitoring and bead-width prediction [12-14]. Transfer learning and
image-based statistical monitoring have addressed cross-condition recognition and
additive-manufacturing anomalies [15, 16]. Sequence models and edge-history rep-
resentations exploit molten-pool motion and process-signal evolution [17-22]. Their
temporal information is drawn primarily from the observed modalities. By contrast,
a calculated response driven by recorded power can describe the process history
preceding the current observation without extending the camera window.

Thermal context can be obtained by measurement or calculation. Infrared—visible
fusion combines observed thermal radiation with surface appearance [23]. Alterna-
tively, a time-varying double-ellipsoidal source in an analytical finite-plate model yields
a nominal response governed by input power, source motion and plate boundaries [24].
Calculated process quantities and physical constraints have also informed learning
for porosity, penetration and bead geometry [25-28]. Incorporating such a calculated



history into multimodal quality recognition would make preceding power input avail-
able alongside current observations, without treating the response as a measured
temperature field.

Learned visual features represent pool appearance and spatial context, whereas
descriptors derived from masks of the same images express pool extent, position and
dispersion through fixed image-space definitions. Such descriptors make these quan-
tities explicitly available alongside learned features. Pool contours have supported
robotic MAG morphology classification [29], while pool width and leading-edge posi-
tion have informed adaptive GMAW control [2]. These findings motivate combining
explicit geometric descriptors with learned visual features and assessing their added
value for quality recognition.

The remaining challenge is to integrate accumulated thermal history and explicit
pool geometry with short-window multimodal observations in a unified recognition
model. A conditioning mechanism must connect these descriptors to the learned
observation representation, while matched comparisons establish their individual and
combined contributions.

To address this challenge, we present a thermal-history and morphology-
conditioned fusion network (HMCF-Net) for four-class quality recognition in robotic
MAG welding. The network uses nominal thermal history and explicit molten-pool
morphology to jointly condition a residual update of the multimodal observation rep-
resentation. The update is computed from both the joint condition and the current
observation state through a nonlinear mapping, while a bypass retains the original rep-
resentation. The six-dimensional thermal descriptor summarises a finite-plate response
driven by recorded power, while the eight-dimensional morphology descriptor quan-
tifies visible pool geometry. The observation encoder retains every recorded camera
frame in a 200-ms window and couples global-local visual features with temporally
available electrical and acoustic features. Matched ablations quantify the individual
and joint contributions of the descriptors with the observation encoder retained. Com-
parisons with alternative temporal and fusion architectures, together with class- and
weld-level analyses, establish the performance and scope of the approach.

2 Experimental setup and dataset

2.1 Welding setup and process conditions

We investigated single-pass robotic MAG welding of Q235 steel V-groove butt joints
under varied process conditions. Molten-pool images, electrical signals and arc sound
were linked to post-weld quality labels for each weld record.

The welding platform comprised a FANUC M-10iA/12 robot, a Lincoln Electric
Power Wave 1400 welding power source and multimodal acquisition equipment (Fig. 1).
Each joint consisted of two Q235 steel plates measuring 300 x 150 x D mm, which
formed a 60° V-shaped butt groove with 30° on each side and no root face. The
base material, welding wire, shielding gas and process conditions are summarised in
Table 1. The dataset comprised 36 weld records spanning variations in current and
voltage setpoints, welding speed, plate thickness and assembly gap, with both weaving
and non-weaving conditions represented.
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Fig. 1 Experimental setup and butt-joint geometry: (a) welding and data-acquisition system, (b)
torch-mounted camera, and (c) plate dimensions and V-groove section

Table 1 Welding materials, joint geometry and process conditions

Item Condition or range

Base material and joint Q235 steel; 60° V-shaped butt groove; no root face
Welding task Single-pass welding, targeting full penetration
Welding wire 1.2-mm steel solid wire

Shielding gas 80% Ar + 20% COs

Current setpoint 120-300 A

Voltage setpoint 16-30 V

Welding speed 11-42 cm/min

Plate thickness 12, 16, 20 and 25 mm

Recorded assembly gap 0-4 mm




2.2 Multimodal data acquisition and preprocessing

Visual, acoustic and electrical measurements captured the visible molten-pool appear-
ance and corresponding process responses. An 8-bit grayscale molten-pool camera was
installed approximately 45° obliquely above and behind the welding torch to view the
rear part of the molten pool. Its raw frames had a resolution of 640 x 480 pixels. A
fixed 400-pixel-wide region was cropped horizontally and resized to 320 x 384 pix-
els for visual encoding. Morphology descriptors were calculated in the original-image
coordinates of this fixed context.

Current and voltage were acquired using an Advantech USB-4711A at a sam-
pling rate of 10 kHz. Arc sound was processed at a sampling rate of 36,621 Hz. The
multimodal data were temporally aligned using recorded timestamps.

Current and voltage followed two processing paths. The observation encoder used
training-standardised signed acquisition-count channels to represent short-term pro-
cess fluctuations. Calibrated conversion coefficients provided current and voltage in
amperes and volts for constructing the nominal power history. Conversion details and
the finite-plate response are given in Section 3.3.

2.3 Weld-quality labelling

Quality labels were assigned from post-weld visual inspection at the level of the weld
record. Each record was classified as normal, incomplete penetration, burn-through
or weld deviation. Normal welding was identified by a continuous root-side bead;
incomplete penetration mainly by a visible joint line or discontinuous root-side bead;
burn-through by local perforation; and weld deviation by displacement of the face-side
bead relative to the groove region. Figure 2 presents representative process images
and post-weld appearances of these classes. The process images define model inputs,
whereas post-weld appearances provide the visual basis for the quality labels. The
frames in this figure were gamma-adjusted to 0.60 for display only.

Each observation window inherited the quality label of its parent weld record,
thereby defining a supervised mapping from short-term multimodal observations to
weld-quality classes. The labels were assigned to weld records rather than to defect
locations along the weld path. Accordingly, the evaluation in Section 4 combines
window-level classification metrics with the distribution of predictions within each
weld record to describe both overall recognition and weld-to-weld variation.

2.4 Window construction and dataset partitioning

To reduce the influence of start and end transients, a 0.5-s buffer was imposed at both
ends of the retained main-welding interval. Using an original camera frame as the
temporal anchor, a candidate window was constructed only when the preceding 200
ms lay fully within the retained interval, the required images were present, and the
acoustic and electrical signals were complete and valid. The 0.5-s buffer was applied
uniformly to the interval selection.

Each window contained all real images in the preceding 200 ms up to the anchor
frame, together with the corresponding acoustic and electrical signals (Fig. 3). The
images retained their original order; the sequence typically contained 6-7 frames.
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Fig. 2 Representative process frames, post-weld views and magnified regions for (a) normal welding,
(b) incomplete penetration, (c) burn-through and (d) weld deviation. Post-weld views show the root
side except in (d), which shows the face side and a qualitative groove-centre reference.
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Fig. 3 The 200-ms observation window and preceding input history. (a) Energy in complete 100-ms
bins from nominal arc onset. (b) Seven recorded frames with aligned current, voltage and arc sound.
The latest complete heat bin ends at t;, before the camera anchor ¢,

Unlike the short-term observation window, the thermal history was accumulated from
the nominal starting point of the corresponding record to the current time and was
not reinitialised for each window. Thus, local process observations and accumulated
thermal history represented separate time scales.

We obtained 19,946 valid windows. The training set contained 26 weld records
and 14,868 windows, whereas the validation set contained 10 weld records and 5,078
windows (Table 2). All comparison methods used the same weld-level split and window
collections.

Because neighbouring windows within a weld record overlapped, the weld record

was used as the partitioning unit and all windows from the same record remained in
one split.



Table 2 Distribution of weld records and windows by quality state

Training Training Validation Validation

Quality state welds windows welds windows
Normal 6 4,454 2 1,820
Incomplete penetration 10 5,826 2 1,403
Burn-through 8 2,720 4 609
Weld deviation 2 1,868 2 1,246
Total 26 14,868 10 5,078

Data-driven normalisation statistics were estimated from the training windows
only. Valid observations were first aggregated within each record and then combined
with equal weight across records; the resulting statistics were fixed when processing
the validation set. The visual input used fixed image-normalisation constants. Training
and evaluation are described in Section 3.6.

3 Methodology
3.1 HMCF-Net architecture

HMCF-Net combines a short-window visual-acoustic—electrical observation with two
complementary condition descriptors: nominal thermal history and explicit molten-
pool morphology. A conditioned residual mapping integrates these descriptions within
a single classification path (Fig. 4).

For a camera anchor time t,, HMCF-Net receives every real image and the cor-
responding current, voltage and arc-sound sequences from the preceding 200 ms.
Global-local visual features first interact with temporally available signal features.
The resulting sequence is then aggregated in camera-frame order into a 96-dimensional
window observation z. The thermal-history branch converts the time-varying input
accumulated from nominal arc onset into a six-dimensional descriptor H. The mor-
phology branch aggregates geometric quantities from valid segmentations into an
eight-dimensional descriptor g. These descriptors are embedded separately, summed
as a joint condition, and used to update z before classification into normal, incomplete
penetration, burn-through and weld deviation.

3.2 Multimodal observation encoding

The observation encoder first couples global-local visual features to acoustic and elec-
trical features at each camera frame, then aggregates the real-frame sequence over the
window (Fig. 5).

3.2.1 Global and local visual representations

Visual recognition requires both the molten pool’s position relative to its surroundings
and details within and near its boundary. We therefore used global and local visual
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paths on a shared MobileNetV2 backbone [30]. Each cropped grayscale image was
replicated to three channels and processed with fixed image normalisation through the
truncated backbone. The backbone produced a 32-channel intermediate feature map
with 48 x 40 spatial positions and a 96-channel deeper map with 24 x 20 positions.
Adaptive average pooling with a 4 x 5 output grid converted the deep feature map
into 20 global vectors of dimension 96.

The local path used a same-frame Segment Anything Model 3 (SAM 3) molten-
pool segmentation [31] to define the region of interest. On the intermediate feature
map, 8 x 8 bilinear grid sampling was followed by convolution, Gaussian error linear
unit (GELU) activation, 2 x 2 adaptive average pooling and linear projection. This
path produced 4 local vectors of dimension 96. A linear embedding of the normalised
region-box coordinates was added to these vectors. Each frame therefore contained
20 global visual tokens and up to 4 local visual tokens. When the local region was
unavailable, the corresponding tokens were masked while the global path remained
active.

The local sampling box was obtained by expanding the same-frame mask bounding
box into a square. Its side length was 1.5 times the longer side of the bounding box. The
expanded box was checked against the context boundary and the supporting feature
grid. The two visual paths used different feature levels of the shared backbone. Both
paths produced a common token width for cross-modal interaction. These local tokens
form the learned visual representation; the explicit geometric descriptor is introduced
separately in Section 3.4.

3.2.2 Time-constrained visual-acoustic—electrical interaction

The electrical signals were encoded in the time domain, whereas arc sound was encoded
in the time—frequency domain. Both representations were then mapped to a common
token width. The standardised current and voltage channels were processed by three-
layer causal one-dimensional convolutions. Arc sound was first transformed into a 64-
band log-Mel representation. Three two-dimensional convolutions, causal along time,
then processed this representation. The encoded representation was averaged along
the frequency dimension. Both signal encodings were aggregated into eight time bins
within the current window and projected to 96 dimensions. This procedure yielded at
most 16 signal tokens.

Cross-modal interaction used the camera frame as the query unit. The accessible
signal information was restricted by the recorded-time axis. Each frame could access
only valid signal tokens whose temporal support had ended by that frame. Signal
tokens received modality-type and relative-time embeddings. Visual tokens received
positional and inter-frame temporal information. Let V; € RV:*9 denote the valid
visual tokens for frame k, where 20 < Nj, < 24, and let S, € RE#*96 denote the
Lj, < 16 temporally available acoustic and electrical tokens. Their multi-head attention
(MHA) interaction [32], using layer normalisation (LN) and a feed-forward network
(FFN), was

Vi = Vi + MHA(LN(V}),LN(Sg),Si; My), Vi =V, +FEN(V,). (1)
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In Eq. (1), LN acts on the visual queries and acoustic—electrical keys; the
unnormalised signal tokens provide the values. The mask My excludes invalid or not-
yet-available signal tokens. MHA uses three heads at feature width 96. The FFN
comprises layer normalisation, a 96 — 192 linear mapping, GELU activation and a
192 — 96 linear mapping. If no valid signal is available, the attention term is omit-
ted while the visual and feed-forward paths are retained. This temporal constraint is
determined from recorded timestamps.

3.2.3 Window-level temporal aggregation

Frame-wise interaction associated each visual frame with signal features available up
to that frame. Window-level aggregation then organised the resulting sequence. For
every frame, the network learned a scalar weight for each valid visual token. A softmax-
weighted sum produced the frame representation ug. The original camera-frame
sequence was subsequently processed by a gated recurrent unit (GRU) [33]:

h;, = GRUCell(ug, hi_1), z=hg +W,p, hy = 0. (2)
Here, K is the number of real camera frames in the window, u, € R% is the
weighted visual-token representation of frame k, and hy € R% is the recurrent state
after that frame. Padding frames used for batch processing do not update the state.
When different original frames share a timestamp, their camera-sequence order is
retained. The vector p € R* contains the normalised current setpoint, voltage setpoint,
welding speed and plate thickness. The matrix W, € R4 maps these conditions
without a bias into the window representation z € R?. The setpoints remain distinct
from the measured fluctuations captured by the acoustic and electrical observations.
The truncated visual backbone comprised the first 14 MobileNetV2 feature mod-
ules, initialised from ImageNet weights [34] with batch-normalisation running statistics
fixed. For reproducibility, the electrical convolutional layers used output widths of
24, 48 and 64, kernel sizes of 31, 15 and 9, and strides of 5, 2 and 2. The 64-band
log-Mel transform used a 916-sample periodic Hann window, a 366-sample hop and
a 1024-point fast Fourier transform (FFT). Mel-band power Py was transformed
as In(Pyre; + 1079), and the acoustic convolutional layers used output widths of 16,
32 and 48. All data-derived normalisation statistics were estimated from the training
records and fixed for validation.

3.3 Time-varying finite-plate thermal history
3.3.1 Finite-plate response driven by time-varying power

Whereas the 200-ms window describes current process behaviour, the thermal branch
represents the preceding power-driven response. We combined a double-ellipsoidal heat
source [35] with the analytical finite-plate response for time-varying heat sources of
Zhu et al. [24]. Tts nominal response incorporates changing input power, source motion
and plate boundaries before reduction to a fixed-dimensional classification condition.

The detected start of the main-arc interval in each record defines the nominal arc-
onset time tg. The 0.5-s buffer in Section 2.4 constrains window selection only. Thermal
history is still accumulated from tg.
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Power is binned with A = 0.1 s. For an anchor t,, only complete bins with right
endpoints no later than the anchor are used. The calculation time is ¢, = nA after

arc onset, where
ta - tO
n= ,
A

|- | denotes the floor function. The efficiency-corrected mean input power in bin j is

n (G+1HA
Qj:—/ I (to + s)Uy(to + s) ds, j=0,....,n—1 (3)
A Jin

Here, I(t) and U(t) denote the converted current and voltage waveforms, respec-
tively, and Iy = max([,0), Uy = max(U,0). The 12-bit acquisition counts were
converted after subtracting the zero point of 2048, using calibrated coefficients of
approximately 0.275783 A /count for current and 0.0456873 V/count for voltage. These
factors were obtained by experimental calibration against reference measurements.
With nominal thermal efficiency 1 = 0.80, the point-wise power product was averaged
within each bin; the current and voltage were not averaged separately before multi-
plication. Thus, @); is an efficiency-weighted mean power in watts, while Q;A is the
energy delivered in that bin in joules. For a record-specific nominal travel speed v in
mm/s, Q;/v is the corresponding nominal line heat input in J/mm.

Let x, y and z denote the welding, transverse and thickness directions, respectively,
with ¢ measured from nominal arc onset. The heat-source centre moves along = = vt.
The two plates, each 300 x 150 x D mm, are represented in the thermal-response
calculation by an equivalent 300 x 300 x D mm plate domain. The mirror-boundary
parameters are B = B; = 150 mm. Plate thickness D and welding speed v are set for
each record. The temperature rise is written as

O(x,t) = T(x,t) — Ty = /0 Q(s)Gip(r. £, 5: ) ds. (4)

Here, r = (x,y, z), T is calculated temperature, Ty is the nominal initial tempera-
ture, and Gf, is a finite-plate response kernel containing the moving double-ellipsoidal
distribution and image terms. The parameter vector ¢ comprises the material prop-
erties, heat-source scales and plate-domain parameters. Thermal efficiency is included
in @, whose units are watts; G, maps power integrated over time to temperature rise.
The integral is evaluated piecewise within each power bin. Subintervals are no longer
than 0.05 s and use two-point Gaussian quadrature.

Table 3 lists the nominal parameters. Q235 properties were fixed at representa-
tive 500 °C values from Ref. [36]; efficiency was set to 0.80 with reference to GMAW
calorimetry [37]. Millimetre-scale heat-source semiaxes were selected with reference to
a related welding study [38] and fixed at 3, 4, 3 and 9 mm. The equivalent rectangular
domain and straight source path abstract the groove, weaving and pool flow. Their
calculated response provides a thermal-history descriptor rather than a measured pool
temperature.

13
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Table 3 Nominal parameters for the time-varying thermal-history calculation

Parameter Value Adopted property

Density p 7800 kg/m3 Q235 literature value [36]

Specific heat ¢p, thermal 530J/(kg - K), Representative values at 500 °C, used

conductivity A 33W/(m - K) as constants [36]

Initial temperature Ty 293.15 K Uniform nominal room temperature

Thermal efficiency n 0.80 Engineering nominal choice with
reference to calorimetry [37]

Transverse and depth 3, 4 mm Heat-source scale guided by Ref. [38]

semiaxes a, b

Front and rear semiaxes 3, 9 mm Uniform setting with a rear-to-front

cf,Cr length ratio of 3:1

Front and rear weights 0.5, 1.5 Satisfying fr + fr =2 and

ffsfr felcs = fr/er

Plate-domain length and 300, 300 mm Equivalent calculation dimensions for

width two 300 x 150-mm plates

Plate thickness D, welding Record-specific process Set according to each record

speed v values

14
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Table 4 Six-dimensional thermal-history features and their meanings

Feature

Definition

Information represented

H; Peak rise along the
transverse sampling line

H> Weighted transverse spread

Hs Longitudinal asymmetry

max; 0

Vi wi? — (w2,
wi =07/ %, 0
(R-F)/(R+F),

Local response intensity, K

Response-weighted transverse
distribution scale, mm

Relative rear—front response,

dimensionless

Relative through-thickness
response, dimensionless
Change in centre response
between adjacent calculation
times, K/s
Efficiency-weighted energy
accumulated since arc onset, J

R=3 2 000 F'=2¢ 5007
0 (t)/0c(t)

[0c(t) = 0c(t = A)]/A

H, Backside-to-surface
response ratio

Hs Rate of change of the
moving-centre response

Hg Cumulative input energy

Yo QA

3.3.2 Six-dimensional thermal-history descriptor for recognition

Six features summarise the intensity, spatial distribution and accumulation of the
calculated response illustrated in Fig. 6. Table 4 gives their definitions.

At t = t,, a transverse sampling line is placed at (vt,y,0). It contains 41 equally
spaced points over y € [—20,20] mm. Their response rises are denoted by 6Y. Along
the welding direction, 41 points are sampled at (vt + &,0,0), with £ € [—r,r] and

r = min{20 mm, vt, 300 mm — vt},

where vt is expressed in millimetres. The corresponding response rises are denoted
by 07. We further define the moving-centre surface response 6.(t) = 6(vt,0,0,t) and
the backside response 6,(t) = 6(vt,0, D, t).

The six-dimensional vector H = [H, ..., Hg]" is defined in Table 4. In the table,
w; is the response-normalised weight of transverse point ¢; R and F' sum the rear and
front longitudinal responses, respectively, and are distinct from the plate-boundary
parameters.

H; is the maximum along the transverse sampling line; H, is a through-thickness
response ratio in the equivalent plate domain. Hs compares responses at the moving
source position at successive calculation times, using only the power history available
at each time. Feature calculation requires at least 0.2 s of history and a source centre
within the plate length. After validity checks, the six features are standardised using
training-record statistics and supplied to the fusion module. Invalid responses are
excluded rather than coded as zero.

3.4 Explicit molten-pool morphology

Explicit morphology characterises visible molten-pool geometry in the current window,
complementing the preceding thermal history. Width, position and contour param-
eters have previously supported molten-pool monitoring [2, 29]. We extracted an
eight-dimensional, dimensionless descriptor of region extent, position, occupancy and
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dispersion from same-frame SAM 3 masks [31] and aggregated it over the 200-ms
window. The learned local path and explicit descriptor share the same visual source
but expose different information: the former learns appearance and spatial context,
whereas the latter supplies fixed-definition geometric quantities.

3.4.1 Prompted extraction of the molten-pool region

The target was the visible molten-pool body, excluding the trailing solidified bead
and groove walls. We ran pretrained SAM 3 [31] offline with a rectangular prompt in
original-image coordinates, adding foreground or background points where needed. A
reused localisation box came only from the same or an earlier frame; segmentation was
always performed on the current image. SAM 3 weights remained fixed, and prompting
defined the target rather than training the segmentation model.

Each inference yielded three candidate masks. Candidate masks were selected by
visual inspection based on pool coverage and exclusion of bead and groove background.
Where disconnected regions were present, the largest eight-connected component was
retained. Accepted masks were used without hole filling or contour smoothing.

Each accepted mask remained linked to its original frame; frames without a usable
mask were omitted from morphology aggregation. Figure 7 shows the extraction and
geometric description.

3.4.2 Normalised description of mask geometry

Morphology features were computed from the accepted binary mask in the original
640 x 480-pixel image coordinates. A fixed horizontal context [120, 520) was used. Its
width and height were W, = 400 and H,. = 480, respectively. Let A denote the number
of foreground pixels in a valid mask. Let w, and h; denote the width and height of
its axis-aligned bounding box. Let (x;,y;) denote pixel-centre coordinates relative to
the upper-left corner of the context. The centroid is denoted by (Z, 7). Pixel centres
are defined as integer row and column indices plus 0.5. The bounding box uses a half-
open interval. An empty mask or a mask extending beyond the horizontal context is
treated as invalid. The descriptor for frame k is

o T

o A w, b T y A Var(z) Var(y) ‘ (5)
The first three components describe foreground area and bounding-box extent; the
next two locate the centroid in the fixed field of view. The sixth is foreground
occupancy within the bounding box, and the final two are population variances of
foreground-pixel coordinates about the centroid. Together, these quantities distinguish
the pool’s occupied area, extent, location and spatial distribution (Fig. 7).

All quantities are normalised by the corresponding length, area or squared-length
scale and remain dimensionless. Calculations use the accepted foreground mask,
including its holes, or the retained component when component processing was applied.
The descriptor represents geometry in the fixed image field, not calibrated physical
size.
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(a) Region acquisition (b) Normalized geometric descriptors
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Fig. 7 Molten-pool morphology extraction and aggregation. (a) Same-frame mask acquisition within
the fixed image context. (b) Eight dimensionless descriptors of scale, position, occupancy and disper-
sion; marginal traces show peak-scaled foreground-pixel counts. (¢) Component-wise median across
valid frames in the 200-ms window
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3.4.3 Window-level aggregation and condition input

For anchor t,, the component-wise median of valid frame descriptors g within
[ta — 0.2,1,] defined the window descriptor g. Masks were matched by original-frame
identity; for duplicate timestamps, only frames up to the anchor’s sequence index
were eligible. This summary captured typical geometry, while frame order and process
dynamics remained in the observation encoder (Section 3.2).

A window without valid segmentation was retained with an invalid morphology
flag. Local visual sampling and explicit morphology used separate validity checks,
because an accepted mask could still yield an unusable expanded local-feature box.

Valid morphology descriptors were standardised with training-record statistics. For
an invalid descriptor, the standardised input was set to zero under the validity flag; the
zero-input-centred embedding in Section 3.5 then removed its contribution without
suppressing the observation or thermal branches. The matched ablation retained the
learned local visual path.

3.5 Joint conditioning and classification

Thermal history and explicit morphology describe the preceding thermal process
and current image-space geometry, respectively. HMCF-Net applies joint conditioning
through a residual update of the observation representation. The two descriptors are
first mapped separately to 32 dimensions and added to form a joint condition. This con-
dition and the 96-dimensional window observation then generate a nonlinear residual.
A bypass retains the original observation, as shown in the HMCF-Net fusion mod-
ule in Fig. 8. The condition descriptors therefore update the visual-acoustic—electrical
representation through the residual path.

Let H and g denote the standardised features. Thermal history uses a 6 — 32 linear
mapping. Morphology uses an 8 — 84 — 32 nonlinear mapping with the zero-input
response as its reference:

eq :WHﬁ+bH, fg(X) :WQQ GELU(W91X+b91)+b92,

e, = ) — f4(0), c=ey+e,; (6
0, if morphology is invalid, 0= Ja(87) = 1s(0) " s (6)

. {g, if morphology is valid,

Here, ef,eq4,c € R32 are the thermal, morphological and joint condition embed-
dings. The matrices Wg, Wy and Wyy, with their corresponding bias vectors,
define the stated 6 — 32 and 8 — 84 — 32 mappings. For an invalid morphology
input, g* = 0 and hence e, = 0 despite the mapping biases. The observation and
thermal-history branches remain available.

The joint condition ¢ € R3? and observation state z are linearly projected. The
projections are added before a nonlinear mapping and form a residual:

Az = W,GELU(W.z+ b, + W.c) + b,, z' = LN(z + Az). (7)
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(a) Joint condition (c) Conditioned residual update
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Fig. 8 Thermal-history and morphology conditioning: (a) joint condition formation, (b) zero-
reference morphology mapping, and (c) residual update of the observation representation

Here, W, € R32X96 W_ € R32%32 and W, € R*32; the associated b, and b,
are 32- and 96-dimensional biases. The conditioned projection W, has no bias. The
observation term W,z and condition term W_.c are combined before the nonlinear
transformation. The residual Az € R therefore depends jointly on the current obser-
vation and the two conditions. Layer normalisation yields z’ € R%, which is passed
to a linear classifier:

£=W,z' +b,, y = argmax {;. (8)
j€{1,2,3,4}

The classifier in Eq. (8) has W, € R?*% and b, € R*; £ € R? denotes class logits,
and ¥ is the highest-logit class index in the fixed class order stated in Section 2.

3.6 Training and evaluation protocol

Masks, geometric descriptors and thermal responses were computed offline before
training. HMCF-Net used four-class cross-entropy; its observation encoder, condition
mappings and classifier were optimised jointly. All comparisons used the weld-level
split described in Section 2 and were evaluated on the validation set.
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The complete model and three matched ablations used the same visual-acoustic—
electrical observation encoder and process inputs; each configuration was trained
separately with the specified descriptors present or omitted. The three alternative
architectures shared the visual front end and received the same windowed images,
electrical and acoustic observations and four process inputs, but not the nominal
thermal-history or explicit morphology descriptors. The convolutional neural network
(CNN)-long short-term memory (LSTM) comparator combined frame-level visual fea-
tures with the electrical and acoustic features available at each frame and aggregated
the sequence using an LSTM cell. CNN-Transformer used the same frame-level feature
construction but replaced recurrence with a two-layer, four-head temporal Trans-
former with time embeddings and a causal attention mask. Cross-Attention Fusion
used visual frame queries to attend separately to time-available electrical and acous-
tic tokens, followed by feed-forward processing and gated recurrent unit aggregation.
Cross-Attention Fusion follows a general cross-modal interaction pattern adapted from
[39]. The comparison models were included to evaluate HMCF-Net against alternative
temporal modelling and cross-modal fusion architectures, while the matched ablations
assessed the individual and joint contributions of the morphology and thermal-history
descriptors.

All seven models used the same windows, class order, record-balanced sampling
and random seed (42), and were optimised with AdamW [40]. The learning rate and
weight decay were both 10~%; the pretrained visual backbone used one tenth of the
main learning rate, and gradients were clipped at a norm of 5. All seven models used
a logical batch size of 16. Training was limited to 20 epochs, with early stopping after
four consecutive non-improving epochs; the checkpoint with the highest validation
macro-F'1 was retained. Accuracy was calculated over validation windows. Balanced
accuracy (BA) and macro-F1 are the arithmetic means of the four class recalls and
F1 scores, respectively. Confusion matrices and per-weld window accuracies provided
descriptive class- and record-level analyses.

4 Results and discussion

4.1 Overall performance and model comparison

HMCF-Net achieved the highest accuracy, balanced accuracy and macro-F1 among the
evaluated methods, reaching 94.72%, 93.04% and 93.46%, respectively, across 5,078
validation windows (Table 5). Among the alternative architectures, Cross-Attention
Fusion attained the highest macro-F1, at 90.94%, which HMCF-Net exceeded by 2.52
percentage points. The matched ablations in Section 4.2 isolate the contributions of
the two condition descriptors.

Class-wise results show how the overall performance was distributed across weld-
ing states (Fig. 9). HMCF-Net attained recalls of 95.49%, 95.30%, 82.43% and 98.96%
for normal welding, incomplete penetration, burn-through and weld deviation, respec-
tively. For weld deviation, F1 was 99.48% across 1,246 windows from 2 validation welds.
The model therefore combined high recognition of normal and incomplete-penetration
states with accurate discrimination of weld deviation.

20



True class

(a) Cross-Attention Fusion

183 0 0
10.1%  0.0% 0.0%

1,637
Bl 59.9%

50 1,168 24 161
P 360, BEERUM 1.7% 11.5%
25 31 553 0
BT 41%  51% R
0 0 1,246
WD 0%  0.0% 100.0%
N Ip BT WD Predicted class
O Cross-Attention Fusion 49 HMCF-Net
(c) Class recall
N o—&
P o L g
BT & O
WD ®
60 70 80 90 100

Recall (%)

(b) HMCF-Net

1,738 D 0 0 Row %
SR 45%  00%  0.0% !100
8 1,337 58 0 | |
0.6% IECM 41%  0.0% 50

31 76 502 0
51%  125% R
0
0 13
0.0%  1.0%
N P

(d) Class F1

o
o—@
+—O
o—¢
60 70 80 90 100

F1 (%)

Fig. 9 Class-specific validation results for Cross-Attention Fusion (CAF) and HMCF-Net. (a, b)
Confusion matrices show counts and true-class row percentages on a shared scale. (¢, d) Recall and
F1; open circles indicate CAF, filled diamonds HMCF-Net, and shading burn-through. N, normal;
IP, incomplete penetration; BT, burn-through; WD, weld deviation
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Table 5 Overall window-level performance on the validation

set (%)

Method Accuracy BA  Macro-F1
CNN-LSTM 89.33 88.63 87.41
CNN-Transformer 85.78 85.81 84.94
Cross-Attention Fusion 90.67 91.00 90.94
HMCF-Net observation-only 92.26 91.57 91.78
Complete HMCF-Net 94.72 93.04 93.46

Compared with Cross-Attention Fusion, HMCF-Net increased F1 for normal weld-
ing from 92.70% to 96.64%, incomplete penetration from 83.88% to 91.86%, and
weld deviation from 93.93% to 99.48%. Burn-through remained more difficult: its F1
was 85.89% for HMCF-Net and 93.25% for Cross-Attention Fusion. The class- and
weld-level analysis in Section 4.3 examines the remaining penetration-state confusions.

4.2 Matched ablation of thermal history and explicit
morphology

The matched ablations evaluated the contribution of each descriptor while retain-
ing the shared observation encoder (Table 6). Observation-only achieved 91.78%
macro-F1; adding explicit morphology increased it to 92.20%, and adding nominal
thermal history increased it to 92.39%. Joint conditioning achieved 93.46% macro-F1,
exceeding observation-only, observation plus morphology and observation plus ther-
mal history by 1.69, 1.27 and 1.07 percentage points, respectively. The two descriptors
each improved recognition, and their joint use provided the highest macro-F1 in the
matched comparison.

Table 6 Matched ablation of the two condition descriptors with the observation encoder retained
in every configuration (%). A check mark indicates that the descriptor is included; a dash indicates
that it is omitted

Configuration Morphology Thermal history Accuracy BA Macro-F1
Observation only - - 92.26 91.57 91.78
Observation 4+ morphology v - 92.91 91.70 92.20
Observation + thermal history - v 93.66 92.08 92.39
Complete HMCF-Net v v 94.72 93.04 93.46

The clearest class-level gain over observation-only was in normal-weld recogni-
tion: recall increased from 88.19% to 95.49%, while incomplete-penetration precision
increased from 80.94% to 88.66%. This combination indicates fewer normal windows
being assigned to incomplete penetration. Weld-deviation recall also increased, from
98.07% to 98.96%. The improvement was not uniform: burn-through recall was 82.43%,
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Fig. 10 Matched ablation results: (a) macro-F1 gains and (b) paired errors corrected and introduced
by HMCF-Net relative to each variant. Obs., observation encoder

compared with 84.07% for observation-only. Paired predictions showed that HMCF-
Net corrected 168 observation-only errors and introduced 43 new ones, reducing the
total by 125 (Fig. 10). The corresponding net reductions were 92 and 54 relative
to the observation-plus-morphology and observation-plus-thermal-history variants,
respectively.

The ablations support conditioning the learned observation representation with
two descriptors that have distinct roles. Nominal thermal history represents the accu-
mulated response from arc onset, including the period before the observation window.
Morphology makes current pool geometry explicitly available to the conditioning path.
The morphology gain was obtained with the learned local visual path retained, indicat-
ing value in the fixed-definition geometric representation alongside learned appearance
features. This result extends the use of pool geometry for monitoring or control
[2, 29] to conditioning a multimodal sequence representation [20, 21]. HMCF-Net thus
combines process-history context and explicit geometry without extending the visual
observation window.

4.3 Class-boundary errors and weld-level variation

Weld-level accuracies show how the aggregate improvement was distributed across
validation records. In one normal weld, window accuracy increased from 71.06%
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for observation-only to 88.96% for HMCF-Net; the other normal weld remained at
100%. The two weld-deviation records achieved 100% and 98.16% accuracy, with the
latter improving from 96.61% for observation-only. These results locate substantial
recognition gains within individual weld records.

Incomplete penetration and burn-through remained the largest bidirectional con-
fusion pair, with 76 burn-through windows assigned to incomplete penetration and 58
windows confused in the reverse direction. Burn-through recall was 82.43% across 4
welds, whose window accuracies ranged from 70.85% to 100%; normal-to-incomplete-
penetration errors also remained visible in Fig. 9. Such variation is consistent with
short local observations incompletely describing the process and joint conditions
that determine the final penetration state. Previous studies have linked penetration
behaviour to process signals, joint gap or groove geometry and molten-pool response
[4-6].

Taken together, the model comparisons and matched ablations support augment-
ing immediate multimodal observations with explicit process-history and geometric
context. HMCF-Net achieved the strongest overall recognition by bringing these
descriptions into a shared conditioned representation. Its contribution lies in combin-
ing information from different descriptive scales within a short observation window,
while the residual penetration-state ambiguity provides a specific target for further
improvement.

5 Conclusions

This study developed HMCF-Net for robotic MAG weld-quality classification by
integrating accumulated thermal history and explicit molten-pool geometry with
short-window multimodal observations. The main conclusions are as follows.

1. Nominal thermal history describes the accumulated response, including the period
before the observation window, while explicit morphology represents geometry from
the same camera images. The joint condition and current observation state gener-
ate a nonlinear residual update, with a bypass retaining the learned multimodal
representation. This integrates process history and explicit geometry without direct
temperature measurement or a longer camera window.

2. HMCF-Net achieved 94.72% accuracy, 93.04% balanced accuracy and 93.46%
macro-F1 across 5,078 windows from 10 validation welds, yielding the highest
overall scores among the evaluated models. Its macro-F1 exceeded the strongest
alternative model by 2.52 percentage points.

3. Matched ablations showed that each descriptor improved macro-F1 with the obser-
vation encoder retained, and their joint use produced the strongest result. Joint
conditioning improved macro-F1 by 1.69 percentage points over the matched
model without either descriptor. These results support the complementary value
of calculated thermal history and explicit image-space geometry alongside learned
multimodal features.

The findings support condition-guided fusion for connecting immediate welding
observations with accumulated process history and explicit pool geometry. Class-wise
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gains were uneven, with burn-through discrimination remaining a priority for improve-
ment. Future work will focus on distinguishing penetration states and evaluating
transferability across independent plates and broader joint conditions.
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