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Abstract—Classification of unexploded ordnance (UXO) is a
critical-safety application in which misclassification can endanger
both operators and civilians. Although deep learning methods
have achieved strong results in general instance classification,
their deployment on resource-constrained edge devices remains
challenging due to high memory requirements, inference latency,
and interpretability. Because UXOs are often located in remote or
inaccessible areas, these models need to be deployed on embedded
devices. This paper presents a comparative study of classical
computer vision pipelines designed for UXO classification. Six
feature extraction methods: raw pixel intensities, HOG, LBP,
SIFT with Bag-of-Visual-Words, Gabor filters, and Haar features,
are combined with five machine learning classifiers, namely:
Logistic Regression, SVM, Random Forest, KNN, and XGBoost,
resulting in 30 distinct pipeline configurations. These pipelines
are evaluated in terms of accuracy, F1-score, inference latency,
memory footprint, and power consumption on a NVIDIA Jetson
Xavier NX. The findings show that the Gabor+SPM–XGBoost
pipeline offers the best accuracy–latency trade-off, achieving
83.3% accuracy with an inference latency of 171.7 ms, and is
therefore identified as the most suitable configuration for real-
world field deployment.

Index Terms—unexploded ordnance, feature extraction, ma-
chine learning, edge deployment, image classification

I. INTRODUCTION

Unexploded Ordnance (UXO), also known as Explosive
Remnants of War (ERW), constitutes a persistent global threat
that affects post-conflict zones in multiple countries. Accord-
ing to the United Nations Mine Action Service [1], UXO
contamination affects more than 70 countries, with thousands
of civilian casualties reported annually. The identification and
disposal of these hazards, a procedure known as Explosive
Ordnance Disposal (EOD), is highly dependent on the exper-
tise of human technicians who must make decisions under
pressure and time constraints. Operational deployments occur
frequently in field conditions where cloud connectivity is
unavailable, power sources are limited, and form factors are
severely constrained, precisely the characteristics that define
edge computing environments [2]. To address this, deep neural
networks (DNNs) can represent a viable option. Deep learning
approaches have achieved state-of-the-art results in general
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Fig. 1. HOG descriptor results showing a detailed pattern of gradient
orientations that represent the distinctive shape and surface texture of the
UXO instance

instance classification [3], but deploying modern models such
as Vision Transformer on single-board computers remains a
challenge. Classical computer vision pipelines offer good com-
putational metrics, small memory footprints, and predictable
inference times. Classical feature extractors achieve strong per-
formance in recognising textures and shapes, and when paired
with lightweight classifiers, they can operate in real time on
edge devices. However, for unexploded ordnance, no existing
benchmark was found that simultaneously evaluates different
feature extractor families together with various classifier types
while evaluating both accuracy and hardware constraints rele-
vant to edge UXO classification. This paper fills that gap using
the CTX-UXO dataset [4], a comprehensive public collection
of UXO images labelled by an EOD specialist in various visual
contexts. Figure 1 exemplifies a classical image processing
approach based on HOG [5], applied to a CTX-UXO sample.
The main contributions of this manuscript are:

• A comparison of six feature extraction techniques com-
bined with five classifiers, resulting in 30 distinct pipeline



configurations assessed on the CTX-UXO dataset;
• A hardware benchmark on the NVIDIA Jetson Xavier

NX, a representative and modern edge platform;
• A detailed analysis of the tradeoff between primary and

secondary metrics, providing practical recommendations
for deploying AI systems for UXO mitigation;

This work advances the state of the art mainly by offering a
benchmark and an in-depth, hardware-focused study. The rest
of the manuscript is structured as follows. Section II reviews
related work on classical feature extractors and classifiers.
Section III describes the pipeline, the preprocessing steps, the
methodology, and the experimental setup. Section IV reports
primary metrics, secondary metrics, and comparisons. Section
V presents the conclusions.

II. RELATED WORK

UXO detection research has traditionally focused on geo-
physical sensing, such as magnetometry [6], [7] and ground-
penetrating radar [8], [9], while computer vision methods were
limited in usage due to the lack of representative datasets. The
authors of the current manuscript addressed this by introducing
the CTX-UXO dataset [4], with more than 10,000 downloads
since its initial publication in 2024. The dataset has been
validated in several previous studies, such as [10]–[13].

Early visual recognition methods based on template match-
ing and global colour histograms often fail under realistic
changes in viewpoint and illumination [14], as in the CTX-
UXO dataset [4]. Histogram of Oriented Gradients (HOG) [5]
improves robustness by capturing local gradient orientations
within normalised blocks and became widely used for rigid-
object detection and deformable part models. However, HOG
assumes a fixed aspect ratio, is sensitive to image rotation,
and does not explicitly encode texture. These shortcomings
are critical for UXO, where object poses vary greatly and
fine-grained surface texture is crucial for distinguishing vi-
sually similar ordnance types. Texture descriptors such as
Local Binary Patterns (LBP) [15] address these challenges by
representing local micro-textures through thresholded circular
neighbourhoods, consisting of 0 and 1, based on the pixel
intensity, producing computationally efficient histograms that
remain robust under varying illumination. The uniform LBP
variant further improves robustness to noise and imaging arte-
facts e.g., corrosion, partial burial, common to UXO. However,
using a single global LBP histogram removes the spatial
layout, limiting discrimination between objects with similar
textures but different shapes. Spatial Pyramid Matching (SPM)
[16] addresses this by partitioning the image into multi-scale
subregions and concatenating their histograms, reintroducing
coarse spatial structure at a reduced additional cost. For this
study, SPM is applied to both the LBP and Gabor descriptors.
Unlike LBP, which relies on one circular neighbourhood and
simple binary intensity comparisons, Gabor filters [17] provide
a combined spatial–frequency analysis over various scales and
orientations, thereby closely approximating the response char-
acteristics of basic orientation-selective cells. Global Gabor

statistics are sensitive to intra-class spatial variation. SPM miti-
gates this sensitivity by preserving local Gabor statistics. Viola
and Jones [18] demonstrated that Haar-like features enable
fast encoding of rectangular contrast patterns, supporting real-
time face detection. Although efficient in resource-constrained
devices, Haar-like features mainly capture rectangular patterns
and rely on PCA for dimensionality reduction. To mitigate the
fixed-grid limitations of HOG and Haar, Scale-Invariant Fea-
ture Transform (SIFT) [19] detects keypoints as scale-space
extrema in a Difference-of-Gaussian pyramid and represents
each with a gradient orientation descriptor, providing scale
and rotation invariance. This invariance is relevant for UXO
instances, where images are acquired from various consumer
devices at different distances and viewing angles. Since SIFT
descriptors produce variable-size keypoint sets, in this study,
a Bag-of-Visual-Words (BoVW) representation [20] is used to
obtain fixed-length vectors.

Among classical classification methods, the Support Vector
Machine (SVM) [21] continues to be a robust option for mod-
erate dimensional feature spaces, exploiting kernel-based mar-
gin maximisation, and has been effectively used with HOG and
SIFT descriptors in classification benchmarks [22]. Despite the
need for careful feature normalisation and an inference cost
that increases with the number of support vectors, Random
Forests [23] offer a complementary, scale-invariant ensemble
approach with intrinsic feature-importance estimates, which
makes them well-suited to very high-dimensional descrip-
tors such as HOG. Gradient Boosting algorithms, with XG-
Boost [24], deliver competitive results on tabular classification
tasks by iteratively correcting residual errors, whereas k-
Nearest Neighbours (KNN) [25] functions as a simple non-
parametric reference method whose accuracy is expected to
degrade on high-dimensional descriptors. In this manuscript,
Logistic Regression is included as a linear baseline providing
interpretable decision boundaries, enabling direct comparison
with more expressive non-linear models. All detailed methods,
both extractors and classifiers, are included in Section III.

III. METHODOLOGY

A. Dataset and Preprocessing

This study uses the CTX-UXO (Contextual Vision for
Unexploded Ordnances) dataset [4], an open-access collection
available on IEEE DataPort. It contains 15,449 real-world
images of ordnance. The images are RGB JPEG files with a
median resolution of 2,124×2,124 pixels, acquired primarily
through the use of smartphone devices of the consumer-
level. The dataset supports both binary (UXO vs. non-UXO)
and multi-class classification problems (multiple UXO types).
In this study, the focus is on UXO / NON-UXO binary
classification. The final dataset includes an equal number of
UXO and non-UXO instances. The non-UXO samples are
generated by selecting regions from the CTX-UXO images
that do not overlap with any labelled bounding boxes. The
data is pre-split into training sets (70%), validation sets (15%),
and test sets (15%). All performance metrics reported in this
manuscript are computed on the test set. Each UXO instance is
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first isolated from the full image using the provided bounding
box annotations. The bounding box crop is then symmetrically
padded to a square aspect ratio before resizing in order to
preserve the original object geometry. The input size for
feature extractors is a square 128×128 grayscale input, unless
otherwise stated in Section III-B. The decision to convert
the images to grayscale is based on real-world scenarios. In
field settings, the colour data are extremely inconsistent and
unreliable due to rust, dirt, mud, shadows, and different levels
of paint wear. As a result, colour has no useful discriminative
information for this classification task. For classifiers that
are sensitive to absolute feature magnitude, specifically SVM
and Logistic Regression, a StandardScaler is additionally
applied to the feature vectors after descriptor extraction. For
interpretability, no data augmentation is performed. As a note,
the training set is representative enough (real-world UXOs).

B. Feature Extraction Methods

The study evaluates six distinct feature representations,
spanning a range of complexity from raw pixel baselines to
multi-scale keypoint encodings, as detailed in Section II. Ta-
ble I reports the input resolutions, the output dimensionalities,
and the computational complexity.

TABLE I
SUMMARY OF FEATURE EXTRACTION METHODS

Method Input size Output Dimension Complexity

Raw Pixels 128×128 256 O(N)
LBP 128×128 295 O(NP )
Gabor 128×128 400 O(N ·SO)
HOG 128×128 8,100 O(N)
Haar-like 128×128 256 O(1)/feature
SIFT + BoVW 512×512 512 O(N logN)

For baseline settings, every 128×128 grayscale image is
first flattened into a 16,384-dimensional vector. Principal Com-
ponent Analysis (PCA) is then performed, retaining n =
256 components. To address the complete lack of structural
encoding in the raw pixel baseline, Local Binary Patterns
(LBP) [15] introduce a lightweight texture descriptor based on
local intensity comparisons. For each pixel (x, y) with central
intensity gc, the LBP is computed [15] over circularly sampled
neighbours P at radius r:

LBPP,r(x, y) =

P−1∑
p=0

s(gp − gc) · 2p, s(u) =

{
1 u ≥ 0

0 u < 0

(1)
In Eq. 1, gp is the intensity of the p-th neighbour. The
uniform LBP variant (binary, 0 or 1) is used to reduce noise
sensitivity, producing a histogram per region (P = 8, r = 1).
To overcome LBP’s widely recognized deficiency in capturing
spatial structure [15], Spatial Pyramid Matching (SPM) [16]
is applied. The 128×128 image is partitioned into a 1×1 grid
(whole image) and a 2×2 grid (four quadrants), giving 5 non-
overlapping regions. An LBP histogram is computed indepen-
dently in each region, and the five histograms are concatenated,

yielding 295 dimensions (5 × 59). To address the limitation
of the LBP method to a single circular neighbourhood, Gabor
filters offer a framework for combined spatial and frequency
analysis over a range of scales and orientations. A 2-D Gabor
filter is characterized by a Gaussian-shaped envelope that is
multiplied by an underlying sinusoidal carrier wave:

g(x, y;λ, θ, σ, γ) = exp

(
−x′2 + γ2y′2

2σ2

)
cos

(
2πx′

λ

)
(2)

In Eq. 2, x′ = x cos θ + y sin θ, y′ = −x sin θ + y cos θ,
λ is the sinusoidal wavelength, θ is the orientation, σ =
0.56λ is the Gaussian standard deviation (standard value)
and γ = 0.5 is the spatial aspect ratio. A filter bank of
5 scales (λ ∈ {4, 8, 16, 32, 64} pixels) and 8 orientations
(θ ∈ {0◦, 22.5◦, 45◦, 67.5◦, 90◦, 112.5◦, 135◦, 157.5◦}) is con-
volved with the 128×128 grayscale image, producing 40 re-
sponse maps. To retain spatial layout information, a weakness
of Gabor statistics [17], the same SPM scheme is applied.
The mean and standard deviation of each response map are
extracted within each region, resulting in 5 × 40 × 2 = 400
dimensions.

The Histogram of Oriented Gradients (HOG) captures the
distribution of gradient directions over a grid of local cells,
thereby encoding spatial structure directly in the descriptor.
Horizontal and vertical gradients are computed using Sobel
filters, from which the magnitude of the gradient m and the
unsigned orientation θ are derived for each pixel (x, y).

m(x, y) =
√
G2

x +G2
y (3)

θ(x, y) = arctan

(
Gy

Gx

)
∈ [0◦, 180◦) (4)

The HOG descriptor is calculated using the following settings:
orientations = 9, pixels_per_cell = (8, 8), cells_per_block = (2,
2). This results in 8100 dimensions.

Haar-like features [18] make use of integral images to eval-
uate rectangular intensity contrasts in O(1) time per feature.
The integral image img(x, y) at location (x, y) contains the
sum of the pixels above and to the left of (x, y), defined as:

img(x, y) =
∑

x′≤x,y′≤y

img(x′, y′) (5)

In Eq. 5, img(x′, y′) is the original image intensity. The
original input for Haar-like features uses a 64×128 pedestrian-
orientated size [18]. Since UXO objects do not have a canon-
ical aspect ratio (as pedestrians), for the current task, the
implementation uses a 128×128 square input instead (see
Section III-A). Five types of canonical features are computed
at multiple scales over the 128×128 grayscale input, resulting
in a high-dimensional intermediate representation. PCA is
applied to reduce this to 256 components. To avoid dependence
on a fixed spatial structure, SIFT (Scale-Invariant Feature
Transform) [19] locates keypoints as scale-space extrema via
the Difference-of-Gaussian (DoG) function D(x, y, σ), defined



as the difference between two Gaussian-blurred images at
scales separated by a constant factor k:

D(x, y, σ) = (G(x, y, kσ)−G(x, y, σ)) ∗ I(x, y) (6)

Here, G(x, y, σ) is a Gaussian kernel with variable scale and
I(x, y) is the original image. The contrast threshold is 0.04.
Since SIFT produces variable-length keypoint sets, a Bag-of-
Visual-Words (BoVW) [20] encoding is used to create a fixed-
length representation. A visual vocabulary of K=512 words
is constructed by applying k-means clustering [26], using
only SIFT descriptors from the training set to avoid leakage
from validation or test data. The value K=512 is determined
by examining the k-means distortion curve and selecting the
elbow point [27].

C. Classifiers

Five classifiers are evaluated, ranging from linear to non-
linear and from instance-based to ensemble methods. All
hyperparameters were determined through 5-fold stratified
cross-validation applied to the training set. The Support Vector
Machine (SVM) algorithm identifies the separating hyperplane
that maximizes the margin. Using the Radial Basis Function
(RBF) kernel K(xi,xj) = exp(−γ∥xi − xj∥2), the resulting
decision function is:

f(x) = sign

(∑
i∈S

αiyiK(xi,x) + b

)
For this equation, configuration is: C = 10; γ = γscale =
1/(d · Var(Xtrain)) where d is the number of features. The
study also utilizes a random forest classifier composed of an
ensemble of T = 200 decision trees, where each tree is trained
on a bootstrap-resampled subset of the training set. The Gini
impurity [28] serves as a splitting criterion. The Gini impurity
for a given node m is calculated as:

G(m) = 1−
C∑
i=1

p2i (7)

In Eq. 7, C is the total number of classes and pi is the fraction
of instances belonging to class i at node m. The depth of each
tree is restricted to a maximum of 20 levels. A KNN classifier
is also used. The classification is carried out by majority vote
among the nearest neighbours k = 7, where the contribution
of each neighbour is weighted by the inverse of its Euclidean
distance. Formally, the predicted class ŷ for a query instance
x is determined by:

ŷ = argmax
c

k∑
i=1

1

d(x, xi)
I(yi = c) (8)

In Eq. 8, d(x, xi) represents the Euclidean distance between
the query point and its i-th nearest neighbour, and I(·) is
the indicator function. Logistic regression (LR) models the
conditional probability P(y = 1 | x) = σ(wTx + b) using a
sigmoid activation function. The model is configured with L2
regularisation, C = 1.0, the L-BFGS optimiser, a maximum of
1,000 iterations and a one vs all strategy. This approach (one

vs all strategy) has previously proven effective in the authors’
work on UXO localisation and classification [10]. Input feature
vectors are standardised with StandardScaler before training.
XGBoost uses a gradient-boosted ensemble of regression trees.
At every iteration t, the algorithm optimises the regularised
objective function in order to obtain the new tree ft:

L(t) =

n∑
i=1

l
(
yi, ŷ

(t−1)
i + ft(xi)

)
+Ω(ft) (9)

In Eq. 9, l is a differentiable convex loss function measuring
the difference between the target yi and the current prediction
ŷ
(t−1)
i , and Ω(ft) penalizes the complexity of the tree. In this

study, it is configured with 200 estimators, a maximum tree
depth of 6, a learning rate of η = 0.1, and a subsample ratio
of 0.8.

D. Evaluation Metrics

All classifiers are evaluated on the test set using the fol-
lowing metrics: overall accuracy, defined as the proportion
of correctly classified samples; F1-score, computed as the
harmonic mean of precision and recall; ROC-AUC, the Area
Under the Receiver Operating Characteristic Curve, obtained
by sweeping the decision threshold over classifier poste-
rior probabilities (or decision scores), providing a threshold-
independent measure of discrimination that is more informa-
tive than accuracy for safety-critical binary tasks; inference
latency, defined as the median forward-pass time over all
images; peak RAM usage. The target hardware platform is the
NVIDIA Jetson Xavier NX, which was operated in the 15 W
power mode throughout all experiments and features a 6-core
Carmel ARM v8.2 CPU running at 1.9 GHz, a 384-core Volta
GPU with 48 Tensor Cores, and 8 GB of unified LPDDR4x
memory. NVIDIA Jetson is the leading AI computing platform
for GPU-accelerated parallel processing in embedded systems,
making it well suited to field-deployable UXO classification.
Hyperparameters were selected using 5-fold stratified cross-
validation applied to the training data. All metrics presented
were calculated on the predefined test set.
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Fig. 2. ROC curves for the six best-XGBoost pipelines on the binary (UXO
/ non-UXO) test partition.



TABLE II
TEST-SET PERFORMANCE FOR ALL 30 PIPELINE CONFIGURATIONS. ACC = ACCURACY; F1 = MACRO-F1; AUC = ROC-AUC (REPORTED IN [0,1]). BOLD

INDICATES THE HIGHEST ACCURACY FOR EACH FEATURE EXTRACTOR.

SVM RF KNN LR XGBoost

Extractor Acc F1 AUC Acc F1 AUC Acc F1 AUC Acc F1 AUC Acc F1 AUC

Raw+PCA 64.00 64.00 0.687 69.50 69.16 0.757 64.50 64.15 0.733 60.67 60.62 0.648 69.50 69.47 0.759
LBP+SPM 76.67 76.65 0.849 78.67 78.65 0.869 67.67 67.63 0.745 70.17 70.08 0.744 77.00 76.95 0.863
Gabor+SPM 80.50 80.46 0.888 80.33 80.31 0.887 62.17 62.16 0.690 75.50 75.42 0.807 83.33 83.32 0.903
HOG 77.67 77.63 0.861 72.17 72.07 0.814 63.33 60.67 0.762 70.00 69.95 0.725 71.67 71.54 0.822
Haar+PCA 72.00 71.94 0.768 70.33 69.55 0.781 70.33 70.11 0.791 58.33 58.33 0.596 73.33 73.32 0.807
SIFT+BoVW 81.67 81.66 0.904 80.00 80.00 0.878 79.83 79.83 0.861 75.00 74.88 0.840 82.67 82.66 0.896

IV. RESULTS

Table II reports accuracy, macro-averaged F1-score, and
ROC-AUC for all 30 (feature extractor × classifier) con-
figurations on the test set. The best overall result is
achieved by Gabor+SPM+XGBoost, followed closely by
SIFT+BoVW+XGBoost. XGBoost is the top-performing clas-
sifier on the majority of feature extractors. SIFT+BoVW
shows the most consistent performance across all five clas-
sifiers. The Raw+PCA baseline confirms that PCA-reduced
raw pixels cannot substitute for structured feature engineering.
The SIFT+BoVW+SVM configuration achieves the highest
overall ROC-AUC score among all 30 pipeline configurations,
demonstrating a superior threshold-independent classification
capability that is highly desirable in safety-critical unex-
ploded ordnance identification/classification. Fig. 2 reports
ROC curves for the top SVM pipelines (one per feature
extractor). Table III presents 5-fold stratified cross-validation
accuracy (mean ± std), used for hyperparameter selection.
Gabor+SPM+SVM achieves the highest CV accuracy (89.8%)
with moderate variance (±1.3 pp). LBP+SPM+SVM displays
a similarly high CV accuracy (88.6%) with identical vari-
ance. XGBoost-based pipelines exhibit notably low vari-
ance (Gabor+SPM+XGBoost: ±0.5 pp; LBP+SPM+XGBoost:
±0.2 pp), indicating particularly stable generalisation across
data splits. The performance of Support Vector Machines

TABLE III
STRATIFIED 5-FOLD CROSS-VALIDATION ACCURACY (%) ON THE

TRAINING PARTITION (MEAN ± STD). THE SIX BEST-PERFORMING
PIPELINES ARE REPORTED.

Pipeline Mean Accuracy (%) Std. (%)

Gabor+SPM+SVM 89.8 ±1.3
LBP+SPM+SVM 88.6 ±1.3
LBP+SPM+XGBoost 88.0 ±0.2
Gabor+SPM+XGBoost 87.9 ±0.5
HOG+SVM 87.3 ±0.9
SIFT+BoVW+XGBoost 87.0 ±1.2

depends heavily on the dimensionality of the feature space.
Fig. 3 plots test accuracy (best SVM result per extractor)
against feature vector dimensionality on a logarithmic scale.
The relationship is non-monotonic: SIFT+BoVW achieves the
highest SVM accuracy (81.7%) at 512 dimensions, while HOG
delivers only 77.7% despite the largest dimensionality (8,100).

Raw+PCA achieves 64.0% at 256 dimensions, which is the
weakest overall performance. Among the structured descrip-
tors, Gabor+SPM (80.5% at 400 feature dimensionality) pro-
vides the best balance between accuracy and dimensionality.
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Fig. 3. SVM accuracy vs. feature dimensionality. SIFT+BoVW achieves the
best SVM accuracy at 512 dimensions.

Table IV presents the inference latency, and process RAM
measured on NVIDIA Jetson Xavier NX. Metrics are calcu-
lated as median over 100 experiments. Logistic Regression
provides the fastest inference across all feature extractors
(1.6 ms), followed by SVM and XGBoost. The exception is
HOG+SVM at 55.6 ms, due to the large number of support
vectors induced by the 8,100-dimensional descriptor. Random
Forest is the slowest classifier due to ensemble tree traversal,
while KNN latency grows with feature dimensionality. Prin-
cipal findings of the evaluation are summarised next:

1) Accuracy is strongly affected by both the feature
extractor and the classifier. The performance variation
across classifiers for a fixed feature extractor can be
as large as or larger than the variation across feature
extractors for a fixed classifier (e.g., XGBoost). This
shows that feature extractors and classifiers should be
jointly optimized rather than tuned independently.

2) Best accuracy–efficiency trade-off: LBP+SPM and
HOG. Methods based on Local Binary Patterns with
Spatial Pyramid Matching, as well as those using
Histograms of Oriented Gradients, achieve the most
favourable compromise. On the embedded NVIDIA Jet-
son platform, these approaches offer a robust balance
between the primary metric (accuracy) and secondary
metrics (such as computational cost and latency).



3) Highest accuracy: Gabor Filters with Spatial Pyra-
mid Matching and an XGBoost classifier. When accu-
racy is treated as the primary objective, the combination
Gabor+SPM+XGBoost consistently delivers the best re-
sults and stands out as the top-performing pipeline.

TABLE IV
SECONDARY METRICS MEASURED ON NVIDIA JETSON XAVIER NX

Pipeline Latency (ms) Peak RAM (MB)

Raw+PCA+LR 1.6 ± 0.1 193.5 ± 0.1
Raw+PCA+XGBoost 2.0 ± 0.1 193.5 ± 0.1
Raw+PCA+SVM 4.5 ± 0.1 196.0 ± 0.1
Haar+PCA+LR 6.1 ± 0.1 189.1 ± 0.1
Haar+PCA+XGBoost 6.5 ± 0.1 189.3 ± 0.1
Haar+PCA+SVM 7.5 ± 0.1 191.5 ± 0.1
LBP+SPM+LR 10.1 ± 0.1 185.0 ± 0.1
LBP+SPM+XGBoost 10.5 ± 0.2 197.8 ± 0.0
LBP+SPM+SVM 11.5 ± 0.2 185.0 ± 0.1
LBP+SPM+KNN 14.3 ± 0.1 197.8 ± 0.0
Haar+PCA+KNN 18.0 ± 0.3 191.0 ± 0.1
Raw+PCA+KNN 21.5 ± 0.3 195.0 ± 0.1
HOG+LR 30.7 ± 0.3 185.0 ± 0.1
HOG+XGBoost 31.1 ± 0.1 190.0 ± 0.0
HOG+SVM 55.6 ± 1.1 309.0 ± 0.1
Haar+PCA+RF 59.0 ± 1.8 194.5 ± 0.1
Raw+PCA+RF 60.7 ± 1.8 202.0 ± 0.1
LBP+SPM+RF 88.2 ± 2.6 189.4 ± 0.1
HOG+RF 104.2 ± 3.1 188.9 ± 0.1
Gabor+SPM+LR 171.3 ± 1.7 185.0 ± 0.1
Gabor+SPM+XGBoost 171.7 ± 0.5 189.7 ± 0.0
Gabor+SPM+SVM 172.7 ± 3.5 188.0 ± 0.1
HOG+KNN 183.6 ± 0.2 282.7 ± 0.0
Gabor+SPM+KNN 212.6 ± 6.6 188.0 ± 0.2
Gabor+SPM+RF 240.8 ± 7.2 190.0 ± 0.1
SIFT+BoVW+LR 280.1 ± 2.8 193.0 ± 0.1
SIFT+BoVW+XGBoost 280.5 ± 5.6 193.0 ± 0.1
SIFT+BoVW+SVM 283.0 ± 5.7 198.0 ± 0.1
SIFT+BoVW+KNN 302.0 ± 4.5 197.0 ± 0.1
SIFT+BoVW+RF 333.8 ± 10.0 200.0 ± 0.1

V. CONCLUSION

This paper presents a benchmark of classical computer
vision pipelines for UXO classification using the CTX-UXO
dataset. Among 30 feature extractor–classifier combinations,
Gabor+SPM+XGBoost emerged as the top configuration with
83.3% accuracy, an AUC of 0.903. XGBoost was the top-
performing classifier for four of six feature extractors. Hard-
ware benchmarking on the Jetson Xavier NX confirmed that
most tested pipelines satisfy real-time constraints, making clas-
sical feature extraction a viable option for field-deployed EOD
platforms. Future work will compare quantised lightweight
CNNs, such as MobileNetV3-Small in INT8 format.
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