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Abstract. UneXploded Ordnance (UXO), conventional bombs deployed
in past conflicts that failed to detonate, represents a significant challenge
for robust deep learning identification in realistic field conditions. This
is primarily due to the severe domain shift between noisy field imagery
and clean technical manual references. At the same time, UXO mitiga-
tion represents a difficult task even for human operators due to stress,
fatigue, and the associated risks. Despite major advances in deep learn-
ing for binary classification, localisation, and segmentation, practical field
identification has remained largely unsolved. This work helps to bridge
the gap in smart UXO identification, an application with direct impact
on society, by unfolding a parametric shape-fitting procedure into a neu-
ral network, thereby embedding domain-specific geometric constraints
directly into the learnable architecture. Unlike black-box few-shot en-
coders, this structured approach preserves the interpretability of classi-
cal optimisation while gaining data-driven robustness to occlusions and
noise common in operational demining/clearance operations. The learnt
unfolded representation ensures the correspondence of munitions in la-
tent space, regardless of whether they originate from field conditions
or controlled environments, enabling direct nearest-neighbour retrieval
without relying on RGB appearance or class supervision. Experiments
on a reference dataset demonstrate that the proposed architecture im-
proves retrieval robustness compared to the baseline methods. In our ex-
perimental setup, Recall@1 improves from 53.4% to 62.1%, and Recall@5
improves from 65.4% to 82.1%. These findings show that deep unfolded
shape refinement based on UXO characteristics offers a practical, inter-
pretable, and physically grounded approach to identifying unexploded
ordnances in real-world conditions.

Keywords: Unexploded Ordnance · Deep Unfolded Network · Cross-
Domain Retrieval

1 Introduction

Unexploded Ordnance (UXO), also known as Unexploded Bombs (UXB), poses
a serious hazard and an ongoing challenge in contemporary society. According to
the North Atlantic Treaty Organisation (NATO) [22], UXO represents an explo-
sive object that has been primed, fuzed, armed, or otherwise prepared for use,
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Class: UXO 

Fig. 1: UXO in the field can be oxidised, partially covered by vegetation/soil,
and sometimes even component parts are missing, being difficult to use com-
mon retrieval approaches. The illustration is produced by running the Segment
Anything Model [24] on the annotated bounding box of a UXO sample from the
CTX-UXO dataset [8].

may have been fired, dropped, launched, or projected, but remains unexploded
due to malfunction, design, or any other reason. Based on statistics provided by
the United Nations Mine Action Service [17,31], hundreds of millions of explosive
remnants of war are present in at least 70 countries around the world. Across
Europe, statistical data suggest that this contamination affects all European na-
tions to varying degrees. In Germany, up to 1.6 million tonnes of ammunition
are estimated [19] to be located along its coasts or in its waters. In Norway,
up to 200,000 tonnes of munitions are believed to remain undiscovered [19]. In
Italy, the authorities have estimated [2] that on average up to 60,000 munitions
items (including parts of UXOs) are found annually. UXO are also present in
other European and non-European countries, but the projected ranges for the
total number of explosive items are very broad as they are difficult to quantify.
Beyond the risks posed by direct contact, munitions also affect civilian society
through soil and water contamination, releasing toxic substances (mainly TNT)
that can cause diseases [13,19]. The phenomenon is global in nature and difficult
to delimit [31]. It is important to emphasize that unexploded ordnance (UXO)
represents a long-standing and continuing hazard, constituting a persistent soci-
etal challenge and a major public safety concern that has endured for more than
eight decades. We provide a qualitative example with a real-world projectile in
Figure 1.

In this paper, we propose a dual approach, integrating domain-specific Ex-
plosive Ordnance Disposal (EOD) expertise with a deep learning architecture,
to advance applied research in safety-critical applications represented by UXO.
For context, in operational settings UXO identification typically relies on estab-
lishing visual correspondence between items observed in the field and reference
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sources, such as technical documentation and specialised databases. Automat-
ing this workflow is non-trivial due to the substantial domain shift between
real-world field imagery and the idealised visualisations found in reference ma-
terials. The targets may be partially occluded, truncated by image borders, or
obscured by environmental clutter (e.g., soil, vegetation) [9]. In contrast, tech-
nical manuals provide clear, complete and canonical views of the ordnance.It is
important to consult manuals as references in order to replicate the field method-
ology, since these references typically include technical details (such as calibre,
explosive content, origin, and associated risks) that are crucial for the stages
that follow identification. This discrepancy results in a domain gap, meaning
the statistical characteristics of the field data differ substantially from those of
the reference data. As a result, appearance-driven methods, often exhibit sub-
optimal performance, as they implicitly rely on texture, illumination, and visual
context, features which fail to transfer reliably between domains. The main con-
tributions of this work are:

– We introduce a deep unfolded shape refinement network that reformulates an
iterative parametric shape fitting process as a learnable neural architecture,
yielding a compact and interpretable shape representation that is robust to
noise, partial occlusion, and missing shape information;

– We develop a training strategy based solely on field segmentation masks and
demonstrate that the learnt unfolded representation enables robust cross-
domain retrieval;

– We improve class-level identification under severe domain shift, a necessary
step toward fine-grained identification when subtype labels become available.
The task is formulated as class-level retrieval inside a common latent space,
allowing the method to generalise to UXO types that are previously unseen
or that differ substantially in visual appearance;

– We introduce a benchmark that contrasts few-shot methods based on RGB
images, traditional shape-matching techniques, and our shape-only refine-
ment neural network. In addition, we conduct an ablation study in Section 4
to examine how changes in the number of unfolding steps or in the chosen
physically grounded parameters influence performance.

2 Related Work

With the increasing availability of open-source optical images, such as CTX-UXO
[8] or CAT-UXO [7], recent works explored the localisation and/or classification
of UXO directly from RGB images using convolutional neural networks or trans-
former architecture configured for UXO image classification and localisation. In
this setting, most approaches focus on coarse categorisation [34,25]. Notably, in
their dual-domain study [4], the researchers Baur et al. emphasised that deep
learning detection models must be easily deployable in portable UAV/UGV sys-
tems to facilitate their practical use in the field. Using a drone and a two-stage de-
tection architecture with intermediate region proposals, they achieved results of
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71.5% mAP. However, it should be noted that the analysis was conducted in a sin-
gle class (landmine, binary classification) with only one subtype (butterfly mine,
PFM-1). Under favourable conditions, such methods have demonstrated promis-
ing performance, mostly when objects are fully visible and imaging conditions
are controlled. In a recent preliminary contribution [18], the authors suggested
that UXO mitigation should be addressed using an uncertainty-aware frame-
work that relies on Bayesian Networks combined with Monte Carlo Dropout.
This work indicates that implementations focusing on architecture-level tailored
to the UXO detection problem, while keeping safety measures and explainabil-
ity, can yield substantial performance gains. However, in the real world, the
optical appearance varies significantly between environments, and performance
often degrades in realistic field scenarios involving occlusion, clutter, and back-
ground variability. This was addressed by introducing contextual representative
datasets with real field UXO, such as CTX-UXO [8]. Even if the dataset is
representative, it does not include intrinsic metadata, such as calibre or other
relevant attributes, meaning that operators are still required to rely on reference
materials (databases) [7] augmented with all the metadata necessary for UXO
mitigation. Appearance-based methods struggle to infer physically meaningful
characteristics, and classification decisions are often driven by texture or con-
textual cues rather than object geometry. UXO identification has traditionally
been addressed using geophysical sensing modalities such as ground penetration
radar (GPR) [3] and magnetometry [26]. In these domains, identification is rarely
performed through direct classification. Instead, the dominant paradigm relies
on interpreting the shape of the measured signal response, such as spatial signa-
tures, temporal waveforms, or polarisation curves, and comparing them against
libraries of known responses.

Deep unfolding has emerged as a powerful paradigm for combining the inter-
pretability of iterative algorithms with neural networks [28]. With good results
for sparse coding [1] and compressed sensing [36], unfolded networks replace fixed
update rules with learnable functions while preserving the algorithmic structure.
More recently, shape analysis tasks have been addressed through deep unfold-
ing [35]. Xinyi Wei et al. [35] propose a model-based deep learning framework
that incorporates explicit generative priors within a deep unfolding architecture
for inverse imaging. They embed a probabilistic flow-based prior directly into
the iterative reconstruction, enabling task-adaptive optimisation. Evaluated on
denoising, inpainting, and deblurring, and compared with strong ResNet- and
U-Net-based proximal baselines, the method delivers competitive or superior
results. In deblurring, it reaches 40.55 dB PSNR, outperforming U-Net proxi-
mal (38.66 dB) and ResNet-based approaches (35.55 dB). It attains 35.93 dB
PSNR for inpainting and 28.24 dB PSNR for denoising, demonstrating robust-
ness across tasks. Our work extends the deep unfolding neural network paradigm
to cross-domain UXO shape retrieval, where the unfolding structure enables ro-
bust estimation of parametric shape descriptors from noisy observations. We
acknowledge that classical shape matching methods, including Iterative Closest
Point (ICP) [37], Procrustes analysis [12], and shape context descriptors [16],
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provide geometrically grounded representations, but these methods are sensitive
to noise and partial observations. ICP iteratively minimises the distance be-
tween corresponding point sets through rigid transformations. Procrustes analy-
sis aligns shapes by removing translation, rotation, and scale, allowing direct
shape comparison. Statistical shape analysis using Procrustes distances is a
core technique in image analysis, as detailed by Dryden et al. [11], and with
wide-ranging applications in biology, chemistry, bioinformatics, geography, ar-
chaeology, and related disciplines. Principal Component Analysis (PCA) further
enhances these methods [11] by reducing noise due to object orientation and
rotation and will therefore be applied in the preprocessing stage in this study.
For fair benchmarking, Procrustes distance will also serve as a reference measure
in the current manuscript. Alternative approaches based on point clouds, such
as PointNet [23], were originally designed for 3D point cloud data. Adapting
it to the context of our present study would require architectural constraints
and modifications, this would constitute a separate line of research in its own
right and would considerably broaden the scope of the current manuscript. We
further acknowledge a range of recent methods [29,14,27,33], which may prove
to be effective. However, these approaches are predicated upon fundamentally
divergent paradigms, such that a direct and methodologically transparent com-
parison cannot, in good faith, be undertaken at present. For this reason, we leave
their examination to future work, where they will be explored in a more focused
and thorough way.

The current State-Of-The-Art (SoA) enables the localisation of UXO in the
field and supports coarse categorisation. However, the precise determination of
the exact UXO type remains mostly unresolved for real-world applications, par-
ticularly in relation to EOD procedures that rely on cross-referencing technical
manuals. It can be observed that challenges highlight the gap between traditional
geophysical approaches, which emphasise shape-based signal interpretation, and
modern optical methods, which primarily rely on appearance. This observation
motivates a return to shape-centric representations, adapted to the optical do-
main and capable of operating under severe domain mismatch between noisy
field imagery and idealised technical references that have the metadata required
for post-identification operations.

3 Methods

3.1 Preliminary

We formulate UXO identification as class-level cross-domain retrieval from bi-
nary segmentation masks, without relying on RGB appearance, texture, or scale
calibration. Let M ∈ {0, 1}H×W denote an instance mask. We extract the fore-
ground coordinates, compute their centroid and covariance matrix, and apply
PCA to align the object with its principal axes. If the eigenvalue ratio falls be-
low an isotropy threshold κ, no alignment is performed. The direction of the
first principal axis is resolved by a slope-asymmetry criterion, enforcing consis-
tent front–back orientation. In the resulting canonical frame, each foreground
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point has coordinates (zi, yi), with z along the principal axis and y orthogonal.
The axial coordinate is normalised to [0, 1] and discretised into N bins, the last
bin including the end point to preserve the tip of the object. For each bin, we
estimate a radial half-width profile as half the robust width of the orthogonal
coordinate distribution, computed by trimming the extreme values to suppress
outliers from segmentation noise. Bins with fewer than m points are set to zero
and marked as invalid. The maximum calibre D = 2maxk rraw(zk) is used for
normalisation to [0, 1]. A bin-wise validity vector v ∈ {0, 1}N is defined as vk = 1
if the occupancy nk ≥ m and rraw(zk) ≥ α · median{rraw(zj) | nj ≥ m}, and
vk = 0 otherwise. This vector masks unreliable regions during both training and
inference.

Additional Notations. Throughout this section: robs ∈ RN denotes the raw ob-
served radial profile, p(t) the profile estimate at unfolding iteration t, p̂ := p(T )

the final unfolded output, and rs = SG(p̂) the smoothed profile from which
derivative-based descriptors are extracted.

3.2 Parametric Shape Representation

We model UXO shapes using a compact parametric vector θ ∈ Rd, where d
denotes the total number of shape parameters, that captures key geometric fea-
tures. Given a profile p (either the raw measurement robs or the unfolded es-
timate p(T )), we generate a smoothed profile rs = SG(p) via a Savitzky–Golay
filter with window size ωSG and polynomial order dSG, chosen to retain inflection
points while attenuating high-frequency quantisation noise. All derivative-based
descriptors described below are derived from rs. Let If = {k : zk ≤ β} and
Ib = {k : zk ≥ 1 − β} denote the sets of bins whose centres fall in the frontal
and rear portions of the normalised axis, respectively, where β ∈ (0, 0.5) is the
consensus coverage threshold. We then introduce end-coverage scores cf and cb
with the following equations:

cf =
1

|If |
∑

k: zk∈If

vk (1)

cb =
1

|Ib|
∑

k: zk∈Ib

vk (2)

In Equation 1 and Equation 2, |If |, |Ib| denote the number of bins with centres
in the respective intervals. An end region is considered reliably observed when
its coverage score exceeds β; these scores are used to gate the taper-ratio compu-
tation (Eq. 3), preventing unreliable slope estimates from corrupting the shape
descriptor. Based on domain expertise in ordnance identification, validated by
public references [7], and international standards [31], we define five comple-
mentary shape parameters. The length-to-Diameter ratio (L/D) represents
the aspect ratio computed from the unnormalised aligned coordinates as L/D,
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where L = zmax − zmin and D = 2maxk rraw(zk), discriminating elongated pro-
jectiles, teardrop shaped mortar bombs and grenades. The profile taper ratio
quantifies the asymmetry between nose and tail using the mean absolute slope
of the smoothed profile near each end (central finite differences), defined as:

τ =

1
|If |

∑
z∈If

|r′s(z)|+ ε

1
|Ib|

∑
z∈Ib

|r′s(z)|+ ε
, (3)

The encoded axial profile corresponds to the normalised radial profile p(z)
sampled at equispaced points N along the principal axis (using p = robs before
unfolding and p = p(T ) after unfolding). Inflection Point Count denotes the
number of sign changes in the second derivative of rs(z) (central differences),
counted only where |r′′s (z)| > γ, with γ an adaptive noise floor estimated from
the variance of the second derivative on smooth reference shapes. Note that ninfl
is a discrete, non-differentiable variable that is not involved in gradient-based
training and is used only as a manually designed retrieval feature, computed
after the fact from p(T ). Fourier Descriptors are defined as the magnitudes of
the first KF non-zero DFT coefficients of rs, normalised by the DC component,
i.e., |ck|/max(|c0|, ε) for k = 1, . . . ,KF .

We define the deterministic parameter extraction function h : RN×R+ → Rd

that maps a profile p and the raw scale to the complete parameter vector:

θ =

[
L

D
, τ, p(z1), . . . , p(zN ), ninfl,

|c1|
max(|c0|, ε)

, . . . ,
|cKF

|
max(|c0|, ε)

]⊤
(4)

In Equation 4, d = 2 +N + 1 +KF = 75 parameters for N = 64 and KF = 8.
Before unfolding, θ is h(robs, L/D). After unfolding, the vector is determined by
θ̂ = h(p(T ), L/D).

3.3 Datasets and Data Preparation

We used for training and evaluation the Contextual Vision for Unexploded Ord-
nances (CTX-UXO) dataset [8], which provides labelled UXO images captured
under realistic field conditions. In our study, we employ the following classes:
Projectile, Mortar Bomb, and Grenade, with a total of 13,789 field instances.
We extract the corresponding segmentation mask from the annotations. The
masks exhibit realistic degradations that include partial occlusion, boundary
truncation, and segmentation noise. The reference database is constructed from
CAT-UXO [7], a collection of idealised UXO images sourced from a community
EOD Knowledge Hub. Each mask undergoes a sequence of operations: connected
component analysis is applied while retaining only the largest foreground region,
morphological closing with a disc-shaped structuring element of radius 3 is used
to fill small gaps, the orientation is aligned to the principal axis by PCA using an
isotropy threshold κ, profiles are obtained through percentile-based radial esti-
mation (p5, p95) with N bins, and a validation mask is derived from a minimum
occupancy threshold m combined with a rejection factor α.

We mention that we used the original train/validation/test split of the datasets,
as defined by their authors.
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3.4 Unfolded Architecture

At the core of our method lies a deep unfolded network that refines an axial
profile from noisy observations. Given an observed profile robs and the current
estimate p(t), each iteration applies a learnable direct mapping:

p(t+1) = Π[0,1]

(
gϕt

(
p(t), robs, v ⊙ (robs − p(t))

))
, (5)

In Equation 5, Π[0,1] denotes element-wise clipping to [0, 1], and gϕt
: R3N → RN

is an MLP whose input is the concatenation of p(t), robs, and v ⊙ (robs − p(t)),
each of dimension N (concretely, R192 → R64), with architecture 192 → 128 →
64 → 32 → 64 (ReLU hidden layers, linear output). Each iteration uses its
own parameters ϕt (unshared weights). In implementation, each linear layer is
spectral-normalised and scaled by a spectral bound s = 0.95, constraining the
Lipschitz constant of each block and thereby limiting the sensitivity of unfolded
iterates to input perturbations. The mapping from the latent noise-free profile
p∗ to the observed profile can be conceptually written as robs = A(p∗)+η, where
A encapsulates the effects of segmentation and occlusion that lack a tractable
closed form. Each step gϕt

implicitly approximates the corresponding inverse re-
finement operator, replacing a fixed gradient or proximal step with a data-driven
mapping while retaining the iterative structure as an inductive bias. The initial
profile estimate is set to p(0) = r̄train, the mean normalised profile computed
over the CTX-UXO training set; the same p(0) is used for both field queries and
reference shapes. After the final iteration, we compute the full parameter vec-
tor deterministically as θ̂ = h(p(T ), L/D), where h is the parameter extraction
function defined in Eq. 4 and L/D is computed directly from the aligned mask.
This enforces consistency between scalar descriptors and the reconstructed pro-
file by construction. The validity weighting ensures that updates are driven only
by regions where reliable observations exist, preventing error propagation from
truncated or occluded portions of the object.

3.5 Training Objectives

The network is trained using only field segmentation masks, without class la-
bels or paired cross-domain examples. The primary objective encourages the
predicted profile p̂ = p(T ) to match observations where valid:

Lreconstruction =
1

max (1,
∑

i vi)

N∑
i=1

vi · ρδ (robs(zi)− p̂(zi)) , (6)

In Equation 6, ρδ denotes the Huber loss, whose parameter δ is chosen as the
empirical standard deviation of the residuals |robs − p(T )| computed on clean
reference shapes. Note that the reconstruction target in training stage is the
observed profile itself, rather than a noise-free reference. Denoising arises [6]
from three complementary factors: (i) the constrained capacity of the MLP bot-
tleneck (32 dimensions), which compels the network to represent profiles on a
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low-dimensional manifold of plausible solutions instead of memorising noise; (ii)
the validity mask, which excludes unreliable bins from the loss computation;
and (iii) the consistency loss (described below), which promotes robustness to
perturbations and mitigates overfitting to noise specific to individual observa-
tions. To improve robustness to augmentation, we enforce consistency between
estimates from augmented views of the same mask:

Lcons =
∥∥∥θ̂prof(M)− θ̂prof(T (M))

∥∥∥2
2
, (7)

In Equation 7, θ̂prof represents θ with both the L/D term and the inflection count
ninfl removed, the L/D term because truncation is not length-invariant, and ninfl
because it is non-differentiable and thus cannot support gradient backpropa-
gation. Before PCA alignment and profile extraction, T applies random local
perturbations: truncation up to ftrunc, erosion/dilation with kernel size k ∈ K,
and Gaussian boundary noise of scale σn.

The final training objective is:

L = Lreconstruction + Lcons (8)

Weights can be assigned to each value of the losses involved depending on the
objective of the researchers. At every unfolding step, the update relies on the
current profile, the observation, and a residual that reflects its validity, while the
output is clipped to the physical interval [0, 1].

3.6 Retrieval Protocol

At inference time, for a query field mask Mq, we first obtain its profile estimate
p(T )(Mq), then compute its parameter vector θ̂q = h

(
p(T )(Mq), (L/D)q

)
using

the trained unfolded network. CAT-UXO reference shapes are processed iden-
tically (connected-component filtering, morphological closing, PCA alignment,
profile extraction), then encoded by feeding their observed profiles through the
same T -step unfolded network with shared trained weights and the same initiali-
sation p(0) = r̄train, followed by the same deterministic mapping h. Consequently,
query and reference embeddings lie in a common latent space.

Retrieval is performed via nearest-neighbour search in a standardised param-
eter space. Let µθ and σθ denote the mean and standard deviation of θ calculated
in component terms on the CTX-UXO training set. Let R denote the reference
database and define θ̄ℓ = (θℓ−µθ,ℓ)/σθ,ℓ for each component ℓ. Retrieval is then
carried out according to:

match(Mq) = argmin
j∈R

d∑
ℓ=1

(
θ̄q,ℓ − θ̄ref

j,ℓ

)2
(9)
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4 Experiments

4.1 Evaluation Methodology

We evaluate all methods under a unified retrieval protocol, where embeddings
are compared via nearest-neighbour search in the reference database. We used
the CTX-UXO [8] test subset for evaluation and CAT-UXO (UXORD-10K) [5,7]
as a reference database. For a complete analysis, we compare against several al-
ternative methods (baseline). First, to obtain a non-learnt geometric baseline, we
apply Direct Shape Matching [32], which uses classical Procrustes alignment [12]
followed by computing point-set distances on contours extracted with marching
squares and uniformly resampled at 256 points. Second, we employ Prototypi-
cal Networks [30], a popular few-shot learning method, which constructs class
prototypes from 5 reference examples per class and classifies CTX-UXO test
queries based on the Euclidean distance to these prototypes. The feature ex-
tractor is trained on the CTX-UXO training split. Third, we consider a Siamese
network [21] using a shared ResNet-50 backbone trained with contrastive loss on
CTX-UXO training pairs. Finally, we employ a CNN with cosine-similarity-based
retrieval, using a pretrained ResNet-50 with fine-tuning on the CTX-UXO train-
ing split. For methods requiring RGB input (Prototypical Networks, Siamese,
CNN+Cosine), we use masked RGB crops. In this way, we construct a rep-
resentative benchmark comprising the principal methods that can be used for
retrieval in the context of UXO mitigation. We acknowledge that other methods
and models may also be considered in the future, such as those based on Founda-
tion Model architectures (Transformer or Mamba). However, we emphasise that
a life-saving solution should not be constrained by computational costs. More-
over, to ensure a fair comparison, we employ different approaches from current
State-Of-The-Art (RGB and shape-based) that are feasible for retrieval, specifi-
cally in order to highlight the advantages of shape analysis. In the Future Works
section, we detail the directions we intend to pursue in our studies.

4.2 Metrics

We report multiple retrieval metrics following standard information retrieval
evaluation practices [10,15]. We quantify performance using Recall@K (R@K),
which represents the fraction of queries in which at least one correct-class ref-
erence appears in the top results K. We report R@1, R@3, and R@5 to cap-
ture both precision-critical and recall-orientated scenarios. To assess ranking
efficiency, we employ the mean reciprocal rank (MRR), where a higher value
indicates that correct matches appear earlier in the ranking, defined as

MRR =
1

|Q|
∑
q∈Q

1

rank(q)
, (10)

In Equation 10, rank is the position of the first correct-class retrieval. Finally, we
employ Normalised Discounted Cumulative Gain (NDCG@10), a rank-sensitive
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metric that assigns higher importance to correct retrievals at top positions, for-
mulated as

NDCG@K =
DCG@K

IDCG@K
(11)

For Equation 11, Discounted Cumulative Gain (DCG) is defined as:

DCG@K =

K∑
i=1

reli
log2(i+ 1)

, (12)

In Eq. 12, reli = 1 if the i-th retrieved item is of the correct class, and IDCG
represents the ideal DCG obtained when all correct items are ranked first. We
also report the Domain Shift Score (DSS), defined as the mean Euclidean dis-
tance in the standardised parameter space between each query and its nearest
correct-class reference. For this metirc (DSS), lower values indicate better cross-
domain alignment. All values are expressed as mean ± standard deviation, cal-
culated over 10 independent experimental runs using the same hyperparameters.
All hyperparameters are available in the public repository, as described in the
Reproducibility section at the end of the paper.

4.3 Results

Figure 2 shows a successful retrieval case and known limitations. Tables 1 and 2
report the cross-domain retrieval performance on the CTX-UXO test set. Our
unfolded method attains a Recall@1 of 62.1%, surpassing the strongest Recall@1
baseline (Direct Shape Matching, 53.4 ± 0.4%) by 8.7 percentage points and
maintaining the highest scores across all ranking metrics. Notably, even the Di-
rect Shape Matching baseline outperforms traditional RGB-based techniques,
indicating that munition shape is a more robust cue than appearance for het-
erogeneous datasets.

Table 1: Cross-domain retrieval recall (%).
Method R@1 R@3 R@5

Classical Shape Method
Direct Shape Matching 53.4±0.4 61.2±0.5 65.4±0.4

Few-Shot & Metric Learning
Prototypical Networks† 20.5±1.4 - -
Siamese Network 46.9±1.8 72.8±1.5 80.2±1.2
CNN + Cosine 31.1±1.5 42.5±1.4 46.3±1.3

Ours
Unfolded Shape Network 62.1±1.2 77.3±1.6 82.1±1.3

†Prototypical Networks assigns each query to the nearest class prototype. All top-K
retrievals belong to the same predicted class. Prototype-based classification is not

well suited for fine-grained cross-domain retrieval, motivating the need for
instance-level embedding methods such as the proposed approach.
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(a) Qualitative example of when the
proposed architecture worked in a diffi-
cult case (an oxidised object, partially
covered by vegetation). Type of UXO:
Mortar Bomb

(b) Limitations: Objects that share
closely resembling shapes, typically
ones belonging to the same class, are
prone to being mistaken for one an-
other. Type of UXO: Grenade

Fig. 2: For each case, on the left is the test instance (CTX-UXO) and on the
right is the reference matched instance (CAT-UXO). As a known limitation, the
system may partially fail in granular identification when the shapes of UXO
subtypes are very similar. For example, an offensive grenade (with grooves) can
easily be confused with a defensive grenade (smooth on the surface), as they
share a similar ovoid shape.

Table 2: Cross-domain ranking and alignment quality
Method MRR NDCG@10 DSS↓

Direct Shape Matching 0.590±0.004 0.529±0.005 1.318±0.008
Prototypical Networks 0.206±0.014 0.205±0.013 1.159±0.015
Siamese Network 0.619±0.016 0.438±0.014 1.162±0.018
CNN + Cosine 0.429±0.013 0.301±0.012 1.463±0.019
Unfolded Shape Network (Ours) 0.712±0.012 0.592±0.010 1.112±0.014

4.4 Ablation Study

We conduct ablation experiments to analyse the contribution of each imple-
mented component, namely architecture depth and shape-parameter groups.

Figure 3 shows the effect of varying the number of steps (depth). All three
metrics increase up to T = 5, after which performance saturates and then gradu-
ally declines, suggesting that excessive depth introduces over-refinement. Table 3
evaluates the contribution of each parameter group. The largest drop appears
when the L/D ratio is removed, followed by Fourier descriptors. In contrast,
removing the axial profile and inflexion count causes only minor changes, sug-
gesting that these features provide complementary information.

Figure 4 shows UMAP visualisations [20] of the Grenade embeddings for
different unfolding depths. Increased depth leads to tighter clustering of field
queries around their reference counterparts.
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Table 3: Ablation on shape parameters
Configuration R@1 R@3 R@5 MRR

Full model (d=75) 62.1±1.2 77.3±1.6 82.1±1.3 0.712±0.012

w/o L/D ratio 55.2±1.4 73.6±1.8 79.8±1.5 0.672±0.014
w/o Taper ratio 59.4±1.3 75.8±1.7 81.0±1.4 0.697±0.013
w/o Fourier desc. 58.1±1.3 74.9±1.7 80.5±1.4 0.689±0.013
w/o Axial profile 61.4±1.2 76.8±1.6 81.7±1.3 0.707±0.012
w/o Inflection count 61.8±1.2 77.0±1.6 81.9±1.3 0.710±0.012

5 Conclusion

We introduced a deep unfolded neural framework for cross-domain UXO retrieval
that addresses the fundamental real-world challenge of matching degraded field
observations against idealised technical references, with exemplification on Un-
eXPloded Ordnance (UXO). Key insights from applying the architecture to UXO
are: (1) shape-based representations yield more reliable cross-domain transfer
than fully appearance-based features; (2) the unfolding structure allows for effec-
tive processing of incomplete observations; and (3) a compact parametric model
is sufficient to distinguish the main ordnance categories. From an operational
standpoint, the proposed approach helps humanitarian UXO clearance efforts
by offering automated decision support for UXO recognition. Rather than com-
mitting to a single label, operators can examine the top-K retrieved references
to guide their judgement.
Human in the Loop Recommendation. This system should be deployed
as a decision support system (DSS) rather than an autonomous identification
system. The retrieval paradigm serves as a vital safeguard when human cognitive
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Fig. 3: Impact of unfolding depth T on retrieval recall.
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Fig. 4: UMAP visualisation of Grenade embeddings, for different depths (T).

performance is compromised by fatigue, high stress environments, or uncertainty
in decision making.
Limitations. The dependence on hyperparameters requires careful tuning. How-
ever, a sensitivity analysis on the most influential parameters (unfolding depth
T) is provided in Section 4.4. We acknowledge that only three classes (Projectile,
Mortar Bomb, Grenade) currently have sufficient representation in both CTX-
UXO and CAT-UXO for cross-domain retrieval. Extending the evaluation to
additional types of ordnance requires expanding and consolidating the available
reference databases. Additionally, the current pipeline assumes access to reason-
ably accurate segmentation masks. Limitations in shape-only identification are
exemplified in Figure 2 from Section 4.
Future Work. We plan to integrate foundation models in the form of Vision
Language Models to derive visual primitives (attributes), such as generic shape
descriptors, and to apply neurosymbolic approaches. The unfolding framework
can be used on its own, with the main immediate benefit being its reduced com-
putational usage (a checkpoint of only 2.3 MB). We will address all limitations,
as well as extend the study to additional architectures, in future work.
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