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Abstract

Computer vision is a rapidly evolving field, giving rise to powerful new tools and techniques in digital forensic investigation, and
shows great promise for novel digital forensic applications. One such application, indoor multimedia geolocation, has the potential
to become a crucial aid for law enforcement in the fight against human trafficking, child exploitation, and other serious crimes.
While outdoor multimedia geolocation has been widely explored, its indoor counterpart remains underdeveloped due to challenges
such as similar room layouts, frequent renovations, visual ambiguity, indoor lighting variability, unreliable GPS signals, and limited
datasets in sensitive domains.

This paper introduces a pipeline that uses electric sockets as consistent indoor markers for geolocation, since plug socket types
are standardised by country or region. The three-stage deep learning pipeline detects plug sockets (YOLOv11, mAP@0.5 = 0.843),
classifies them into one of 12 plug socket types (Xception, accuracy = 0.912), and maps the detected socket types to countries
(accuracy = 0.96 at >90% threshold confidence). To address data scarcity, two dedicated datasets were created: socket detection
dataset of 2,328 annotated images expanded to 4,072 through augmentation, and a classification dataset of 3,187 images across 12
plug socket classes. The pipeline was evaluated on the Hotels-50K dataset, focusing on the TraffickCam subset of crowd-sourced
hotel images, which capture real-world conditions such as poor lighting and amateur angles. This dataset provides a more realistic
evaluation than using professional, well-lit, often wide-angle images from travel websites. This framework demonstrates a practical
step toward real-world digital forensic applications. The code, trained models, and the data for this paper are available open source.
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1. Introduction

Human trafficking is a severe global crime affecting millions
across all ages, genders, and backgrounds, causing deep per-
sonal, community, and societal harm [37]. It entails the ille-
gal trade of people through deception, violence, or exploita-
tion, resulting in forced labour, sexual abuse, and organ traf-
ficking [10]. Given its severe and long-lasting impact, the fight
against human trafficking is explicitly prioritised under 3 of the
United Nations Sustainable Development Goals (SDGs) [36].
In addition, child sexual exploitation material (CSEM) inves-
tigation is one of the most common case types encountered in
digital forensics laboratories within law enforcement agencies
worldwide [14].

With rapid technological advancement, the rise of feature-
rich smartphones, expanded storage capabilities, widespread in-
ternet access, and the growing influence of social media, nearly
every facet of modern life has become digital [26]. However,
modern technologies are increasingly exploited by offenders to
facilitate serious crimes, underscoring the critical importance
of digital forensics [12]. As the volume of digital data contin-
ues to surge, the analysis and interpretation of digital evidence
have become indispensable to modern investigations [24]. The
application of artificial intelligence (Al) to digital forensic in-

vestigations is still very much in its infancy [7], but nonetheless,
practitioners have already identified image/media classification
as having the most potential for the future use of Al in their
investigations [14]. In parallel, hotel recognition has become
a common need for human trafficking investigations, as hotels
are frequently used as intermediary stopover locations during
the trafficking of victims [23]. Online human trafficking ad-
vertisements or the interception of organised crime gang’s elec-
tronic communications are often the starting points for many
human trafficking investigations. Identifying hotel rooms from
these photographs is an extremely arduous task. Indeed, police
agencies often resort to crowdsourcing their locations. For ex-
ample, hotel rooms often feature in the Trace an Object projects
run by Europol! or the Australian Centre to Counter Child Ex-
ploitation?, asking for the general public’s help in identifying
the hotels during investigations of cases involving child sexual
exploitation material. In the DFPulse 2024 survey [14], digital
forensic practitioners identified image/media classification and
CSAM investigation as two of the main areas where artificial
intelligence has the potential to assist in their future cases.

In terms of automated geolocation, indoor geolocation
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Figure 1: Worldwide plug type distribution map @®

specifically faces significant challenges. GPS is unreliable in-
doors. Alternative indoor sensors are relatively costly and have
limitations in range and accuracy [17], and image metadata is
frequently stripped during online or instant messaging sharing —
making it difficult to trace an image’s origin [3]. While outdoor
environments typically provide clear geolocation cues, such as
landmarks and infrastructure [40, 8, 27], indoor settings are far
more complex. Similar layouts, recurring furniture, and incon-
sistent lighting make it challenging to reliably differentiate be-
tween locations [4]. Amid these challenges, it is therefore cru-
cial to identify consistent and distinctive cues for indoor geolo-
cation. One such feature of indoor environments is the pres-
ence of electric sockets, which can serve as distinctive and ge-
ographically informative visual markers. Each country adheres
to standardised socket designs governed by national or regional
electrical regulations [18]. Plug and socket designs vary consid-
erably in shape, grounding, voltage, and frequency. This study
focusses solely on their visual characteristics [28]. Using Com-
puter Vision (CV), detecting and classifying these plug sockets
can provide a reliable cue for narrowing down the search space,
as illustrated in Fig. 1.

1.1. Contribution of this Work

This paper makes the following key contributions:

e Dataset Creation and Release. Two novel CV datasets
have been curated and publicly shared: (i) a socket de-
tection dataset for identifying sockets in indoor room im-
ages, and (ii) a socket classification dataset containing 12
socket categories. These datasets provide valuable bench-

marks for advancing research in fine-grained indoor object
recognition.

e Algorithmic Pipeline for Detection and Classification. A
comparative study of state-of-the-art detection models and
Convolutional Neural Network (CNN) classifiers has been
conducted. Based on this analysis, a pipeline was designed
to select the most effective combination of detection and
classification models for socket recognition.

e Evaluation of the Proposed Approach on Real-World Data.
The approach is evaluated on the Hotels-50K dataset,
specifically the TraffickCam subset, demonstrating its
practical utility for law enforcement by narrowing down
search spaces in real-world human trafficking investiga-
tions. Furthermore, this work aims to lay the foundation
for a universal socket detector, enabling broader applica-
tions beyond the law enforcement/investigative domains.

All code, trained models, and data created as part of this pa-
per are made available open source and can be accessed from
https://github.com/markscanlonucd/plugtoplace.

2. Related Work

To address the challenge of indoor multimedia geolocation,
specifically hotel recognition, researchers have employed a va-
riety of techniques, ranging from hand-crafted feature extrac-
tion, image classification to neural networks for automated fea-
ture extraction, as well as more advanced approaches such as
object-based similarity, image embeddings, and semantic scene
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understanding. Regardless of the methodology employed, the
fundamental building block remains CV. Broadly, researchers
approach multimedia geolocation in two ways. When a large
and representative reference dataset is available, the task is
formulated as a Content based Image Retrieval (CBIR) prob-
lem; in the absence of such a dataset, geolocation instead relies
on universal visual cues, i.e., landmarks or sun angle in out-
door environments, to infer location directly from the image
itself [15, 22].

In this context, high-quality data remains essential. However,
obtaining such data can be particularly challenging in sensi-
tive scenarios, such as human trafficking investigations. Recog-
nising these ethical and operational challenges, the European
Union formalised Al regulations through the AI Act [13, 11],
aiming to maximise the benefits of Al while enforcing rigorous
ethical and safety standards.

In the context of data collection and processing, the creation
of specialised datasets has been significant. The Hotels-50K
dataset [35] contains over one million labelled images from
50,000 hotels worldwide, sourced from both travel websites
and the TraffickCam mobile application, and is designed specif-
ically for hotel recognition research. The Hotel-ID dataset [23]
provides a similarly large-scale resource for the same domain.
Both datasets serve as benchmarks for evaluating recognition
approaches.

Deep learning models are often black-box systems, and their
complex structures make it difficult to interpret how visual in-
puts lead to an output, obscuring the specific cues that drive
similarity judgments. To address this, Black et al. [5] intro-
duced a paired image similarity visualisation technique tailored
for Transformer architectures. Their method enables the inspec-
tion of attention maps to reveal which regions contribute most
to a given similarity score. When comparing ResNet and Vi-
sion Transformer (ViT) on datasets such as Hotels-50K, Clean
Google LandmarksV2, and Stanford Online Products, the study
found that ViT’s attention focused on meaningful cues, such as
bed covers, runners, and tiled shower walls. These results em-
phasise the need for explainable embeddings in visual retrieval.

Similarly, Wazzan et al. [39] explored how context affects
object matching, finding that a moderate amount of context im-
proves annotation efficiency and retrieval accuracy, while ex-
cessive context complicates recognition in ambiguous scenes.

Beyond these pixel-level and embedding-based methods,
some research focussed on object-centric retrieval. This ap-
proach represents images as groups of distinct objects rather
than just overall textures, aiming to bridge the gap between sim-
ple image features and what people actually see. For instance,
Kim et al. [25] introduced a method to detect and segment the
main object in an image, as subjects are often centred in pho-
tos. The authors used relevance feedback on these segments to
improve retrieval, though their reliance on colour made it less
effective in busy scenes. Later, Pradhan et al. [30] used visual
saliency maps to identify object regions and create feature vec-
tors for retrieval. This method worked well for images with a
clear main object but was less effective for complex scenes.

Furthermore, Bhavanasi and Stylianou [4] argued that hotel
recognition cannot be treated as a standard image-classification

task due to the extremely large number of hotel classes. To
address this, the authors proposed an object-centric ensemble
approach in which separate models are trained for different ob-
ject types. The system employed a Hybrid Vision Transformer
combining a ResNet-26 backbone for feature extraction with a
ViT classifier across 3,110 classes. This hybrid design delivered
superior performance, achieving nearly 80 % top-1 accuracy on
the Hotel-ID 2022 dataset, compared with only 60 % using a
conventional full-image method. This shows the value of pin-
pointing distinctive features, such as furniture, fixtures, or wall
patterns. Additionally, semi-automated labelling pipelines [39]
demonstrate that using less context speeds up labelling without
hurting performance, suggesting that focusing on main objects
and a moderate amount of context best balances interpretability
and efficiency.

Besides these semantic methods, feature-level CBIR fo-
cusses on capturing broad visual qualities such as colour, tex-
ture, and layout [9]. Among these attributes, colour is a domi-
nant and widely used image characteristic, as it is both robust,
computationally efficient, and independent of orientation and
image resolution, making it highly versatile. [34, 1]. While
RGB is common, colour spaces like CIELAB, Munsell, and
fuzzy-based models often yield more meaningful results [34].
Using a mix of colour spaces, such as RGB, YCbCr, and Lab*,
can also boost precision [32]. Specific to hotel room identifica-
tion, Herrmann et al. [16] evaluated CBIR systems using colour
features on Hotels-50K, achieving over 95% Top-50 accuracy
with just two descriptors, thus supporting faster and more reli-
able investigative workflows. More recently, Bamigbade et al.
[2] combined major colour palettes and simple histograms with
deep metric learning and classification to raise top-20 retrieval
accuracy by 17%. These findings show that blending hand-
crafted features with deep embeddings can improve both clarity
and results.

Even with sophisticated methods, systematic reviews expose
key gaps in using CV for social good. Dimas et al. [10] note
that Operations Research and Analytics efforts for anti-human
trafficking mostly target sex trafficking and prosecution, with
less attention to labour trafficking, prevention, or victim protec-
tion. Similarly, Bamigbade et al. [3] highlighted the benefits of
using CV based geolocation in investigations, calling for more
data types and clearer deep learning models to extract useful
information.

Overall, these studies show a shift in hotel recognition re-
search: from data-driven deep metric learning to more compre-
hensible, object-focused, and feature-blended CBIR systems.
This change not only improves technical performance but also
supports the growing demands for ethical, transparent, and so-
cially responsible Al in sensitive investigations.

3. Experimental Setup and Analysis

The CV methodology proposed as part of this paper is a
three-tiered process, as detailed in Fig. 2. In the first stage,
YOLO object detection identifies and localises electric sockets
in an image, generating cropped regions of interest (ROI). In
the second stage, a CNN classifies each cropped socket ROI
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Figure 2: Architecture of the proposed three-stage pipeline: (1) Socket detection, (2) Socket type classification, and (3) Geolocation.

by type. Finally, in the third stage, the detected socket type is
mapped to potential countries, which narrows the list of likely
locations and supports law enforcement investigations. Sec-
tions 4 to 6 provide a detailed discussion of each stage, includ-
ing dataset preparation for every stage, the methodologies used,
and a comparative analysis of different algorithms along with
their results.

4. Stage 1: Socket Detection

Stage 1 of the pipeline focuses on detecting electric sockets
in image to infer indoor geographical location. Electric sock-
ets are consistent and recognisable markers, as each country or
region uses specific socket types defined by distinct pin config-
urations. These features are visually distinctive in indoor en-
vironments such as hotel rooms. A CV-based object detection
model is applied to automatically identify socket instances and
their positions within an image. The detected socket type is then
used to constrain the possible geographical location, supporting
subsequent investigative analysis.

4.1. Dataset Preparation

High-quality and diverse datasets are critical in CV, as both
the quantity and quality of training data directly affect model
accuracy and generalisation [21]. For this study, a total of 2,328
socket images were compiled, of which 1,525 were obtained
from publicly available Roboflow [31] socket datasets licenced

under CC 4.0, while the remaining images were cropped from
hotel room scenes in the Hotels-50K dataset. This original
dataset (Dataset A) was partitioned into training (70%, 1,629
images), validation (20%, 455 images), and test (10%, 244 im-
ages) subsets. All images were annotated with bounding boxes
using the Roboflow platform and manually classified into two
categories: class 0 (NA) for switchboards and class 1 for sock-
ets. Although the initial focus was exclusively on sockets, the
frequent misclassification of visually similar switchboard but-
tons necessitated the inclusion of the NA class to better differ-
entiate non-target elements from actual sockets. This confusion
was heavily compounded by the small sizes of the objects, their
low resolution in cropped images, and the similar colouring and
high concentration of buttons and sockets on the switchboards.

To enhance dataset diversity and improve model generalisa-
tion, data augmentation was applied exclusively to the training
set, doubling its size from 1,629 to 3,258 images. Augmen-
tation techniques included random cropping (0-20%), rotation
(—=15° to +15°), grayscale conversion (15% of images), hue ad-
justment (—24° to +24°), and brightness adjustment (-19% to
+19%). After additional images were added, the dataset re-
sulted in training (80%, 3,258 images), validation (10%, 409
images), and test (10%, 407 images) subsets, for a total of 4,074
images. The validation and test sets were not augmented; how-
ever, an additional 163 images cropped from the Hotels-50K
dataset were added to ensure an unbiased evaluation of model
performance.



Table 1: Test results for all classes across models. Bold indicates the best value per column.

Version Type Epochs Precision (P) Recall (R) mAP@0.5 mAP@0.5:0.95
YOLOv8 S 180 0.843 0.709 0.793 0.529
YOLOv8 S 250 0.834 0.709 0.790 0.524
YOLOVS m set=300 (early stopping at 233) 0.883 0.750 0.809 0.540
YOLOvl11 s 180 0.847 0.734 0.804 0.540
YOLOv11 m 250 0.846 0.791 0.832 0.539
YOLOvI11 1 set=250 (early stopping at 234) 0.851 0.764 0.806 0.534
YOLOv12 S 180 0.720 0.650 0.748 0.483

4.2. Methodology

Recent advances in CV have positioned object detection as
a fundamental task, achieving performance that, in some cases,
rivals or even surpasses human capabilities [6]. A wide range
of state-of-the-art algorithms are available for object detection,
and the choice of an appropriate model for custom datasets de-
pends heavily on the specific requirements of the application.
Object detection algorithms are broadly classified as two-stage
or single-stage detectors. Two-stage models are more accurate
but slower, while single-stage models offer faster inference with
only a slight accuracy trade-off [29]. To handle large volumes
of images efficiently, speed was prioritised, rendering single-
stage object detectors a more practical option. The YOLO fam-
ily was chosen for its combination of high speed and compet-
itive accuracy [38], which is suitable for socket detection as a
first-stage step before potential refinement. All YOLO models
used in this study are initialised with pre-trained weights and
subsequently fine-tuned for socket detection, allowing reliable
performance with limited task-specific training data.

Although newer YOLO versions introduce architectural im-
provements, the latest release is not always stable [19]. A com-
parative analysis was then conducted. The experimental out-
comes, as outlined in Table 1, demonstrate the performance of
each model across diverse metrics, starting with YOLOVS as a
benchmark, followed by YOLOv11 and YOLOvI12. Each re-
lease provides multiple variants (nano, small, medium, large).
This study predominantly focused on small and medium mod-
els, and in one case, the large model was also considered to bal-
ance computational cost with accuracy. Hyperparameter tun-
ing, particularly the number of training epochs, was evaluated
to minimise underfitting and overfitting, and the effect of data
augmentation on model performance was also assessed.

4.3. Performance matrix

Mean Average Precision (mAP) is a standard metric in ob-
ject detection that summarises how accurately a model detects
and localises objects. It is based on precision and recall, using
Intersection over Union (IoU) to measure the overlap between
predicted and ground truth bounding boxes. mAP@0.5 com-
putes the average precision at an IoU threshold of 0.5, mean-
ing a detection is considered correct if at least 50 % of the
predicted box overlaps the ground truth, providing a measure
of overall detection success. mAP@0.5:0.95 averages perfor-
mance across multiple IoU thresholds from 0.5 to 0.95, evalu-
ating the model’s ability to both detect objects and precisely lo-
calise them. High mAP@0.5:0.95 indicates strong localisation

accuracy, while mAP@0.5 primarily reflects general detection
performance. These metrics together provide a robust assess-
ment of the model’s effectiveness in identifying and locating
objects in images.

4.4. Comparative Analysis and Results

This study evaluated the performance of various YOLO mod-
els for socket detection using Dataset A, the original dataset, in
the first phase, and subsequently assessed the effect of data aug-
mentation in the second phase on the augmented data, Dataset
B. All models were trained with a batch size of 16 and an in-
put resolution of 640 pixels. The optimiser was set to AdamW,
which automatically tuned hyperparameters and overrode the
default learning rate and momentum values, resulting in an ef-
fective learning rate of 0.001667 with momentum fixed at 0.9.

The experiment began with YOLOVS, starting with the small
variant (YOLOVSs) to assess the effect of increasing the num-
ber of training epochs from 180 to 250. The focus then shifted
to the medium variant (YOLOv8m) to evaluate the trade-off be-
tween model capacity and performance. Although the number
of epochs was initially set to 300, training was stopped early at
233 epochs due to the early stopping mechanism designed to
prevent overfitting.

The analysis then progressed to YOLOv11, beginning with
the small variant (YOLOv11s) trained for 180 epochs, fol-
lowed by the medium variant (YOLOv11m) trained for 250
epochs. For the large variant (YOLOv111), training was sched-
uled for 250 epochs but was stopped early at 234 epochs due to
early stopping. Finally, YOLOv12 was evaluated; however, it
achieved comparatively lower performance metrics.

Specifically, = YOLOv12 underperformed, achieving
mAP@0.5 of 0.748 and mAP@0.5:0.95 of 0.483, with a
precision of 0.720 and a recall of 0.650. These results
indicate weaker socket detection performance, highlighting
that cutting-edge models do not always outperform more
established versions such as YOLOvVS and YOLOv11. Newly
released models are often unstable and improve over time;
therefore, it is generally advisable to allow them to mature
before deployment in CV applications [20].

Validation accuracy should not be solely relied upon, as it
may indicate overfitting on the training data and not neces-
sarily reflect performance on unseen test data [33]. There-
fore, test accuracy is considered more decisive than valida-
tion accuracy. On the test set, YOLOv8m (early stopping at
233 epochs) achieves the highest precision (0.883), while both
YOLOv8m and YOLOvl11s (180 epochs) achieve the highest



Table 2: Comparison of YOLOv11m variant with data augmentation and k fold cross validation on and Dataset B. Bold indicates the best value per dataset.

Dataset Setting Precision (P) Recall (R) mAP@0.5 mAP@0.5:0.95

Test (Dataset B) Yolov11m without Aug 0.805 0.748 0.792 0.498
Yolovl1m with Aug 0.783 0.765 0.766 0.485

K fold cross validation ~ Yolov1ls with Aug 0.8675 0.7990 0.8427 0.5771

mAP@0.5:0.95 (0.540). This indicates that these models are
highly accurate in correctly detecting sockets, though their re-
call varies (0.750 for YOLOv8m, 0.734 for YOLOvl11s). In
contrast, YOLOvI1m (250 epochs) attains the highest recall
(0.791) and the highest mAP@0.5 (0.832), indicating strong
overall detection coverage and good localisation.

To further assess the impact of data augmentation,
YOLOvI1m was trained on Dataset B with augmentation,
while YOLOvI11s was trained using both augmentation and 5-
fold cross-validation. Table 2 summarises the results. Adding
only augmentation slightly altered performance, with preci-
sion decreasing from 0.846 to 0.783, recall increasing from
0.748 to 0.765, mAP@0.5 decreasing from 0.832 to 0.766, and
mAP@0.5:0.95 decreasing from 0.539 to 0.485. These results
suggest that augmentation improves recall at a modest cost to
precision and overall localisation accuracy.

In contrast, combining K-fold cross-validation with aug-
mentation further enhances model robustness, reducing vari-
ance between folds and providing more reliable generalisation
to unseen images. Specifically, average precision increased
from 0.847 to 0.872, and recall increased from 0.734 to 0.756,
demonstrating that K-fold training effectively mitigates overfit-
ting on smaller datasets and improves overall detection perfor-
mance. Based on this analysis, YOLOv11s with augmentation
and K-fold cross-validation was identified as the best performer
in Stage One socket detection. Fig. 3 and Fig. 4 show the visual
socket detection results of this best-performing model.

5. Stage 2: Socket Type Classification

Stage 2 of the pipeline focuses on classifying detected elec-
tric sockets into region-specific socket types based on their vi-
sual characteristics. Although 14 domestic socket types are in-
ternationally recognised, this stage considers only visual dis-
tinctions relevant for image-based classification. As illustrated
in Fig. 5 and Fig. 1, socket designs exhibit strong regional
variation, enabling geographical constraints to be inferred from
socket appearance.

In this experiment, CV is used to classify socket types, since
the focus is exclusively on visual characteristics, the study con-
siders 12 classes instead of the full set of 14. Types D and M
have been merged into a single class (DM) because, despite dif-
ferences in pin size, their layouts are visually indistinguishable.
Type M closely resembles Type D but features larger pins. Sim-
ilarly, Types J and N are merged into a single class (JN). Both
sockets use three round pins with nearly identical configura-
tions, differing only in the precise offset of the earth pin — with
Type J, it is offset by Smm, and with Type N, it is offset by
3mm [18]. This small structural difference makes them electri-
cally incompatible, but the variation was deemed too subtle to

be reliably distinguished visually. All other socket types present
clear visual differences and are, therefore, treated as separate
classes. In addition, a noise class was introduced to exclude
non-socket objects, such as light switches, thermostats, or low-
quality regions of interest detected by YOLO, thereby further
enhancing accuracy.

5.1. Dataset Preparation

The dataset for socket type classification was constructed
from two primary sources. The first source was publicly avail-
able datasets from Roboflow, consisting of plug socket im-
ages licenced under CC 4.0. These images were downloaded,
cleaned, and merged into a consistent collection. The second
source was the Hotels-50K dataset, from which socket regions
were automatically detected, cropped, and assigned to their re-
spective classes. After processing, the final dataset comprised
12 socket type classes, with the number of images per class
summarised in Table 3. In total, the dataset contains 3,187 im-
ages, which were partitioned into training, validation, and test
sets using a 70:15:15 split.

Table 3: Socket Types with Image Counts and Corresponding Country Usage
Count.

Socket Images Countries
A 192 46
B 302 28
C 305 65
D/M 300 12/9
E 304 24
F 303 35
G 304 32
H 138 1
I 268 11
J/N 262 5/4
K 291 6
L 222 9
Total 3,187 -

5.2. Methodology

A transfer learning approach for multi-class image classi-
fication using five state-of-the-art CNN architectures was im-
plemented: VGGI16, InceptionV3, Xception, ResNet50, and
ResNet101. The dataset, consisting of 3,187 images across
12 classes (socket types), was split into training, validation,
and test sets, with 2,224 images for training, 473 images for
validation, and 490 images for testing. Images were prepro-
cessed and augmented with normalisation and horizontal flip-
ping to improve generalisation. Each model was initialised
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Figure 3: YOLOvVI11m detection results on room images (a—b), showing bounding boxes for socket classes

(@ (b)

Figure 4: YOLOv11m detection results on bathroom images (a—b), showing
bounding boxes for socket classes

with ImageNet pre-trained weights, and the convolutional base
was frozen to leverage pre-learned features while training a
new classification head for the target classes. Models were
trained independently using categorical cross-entropy loss and
the Adam optimiser.

5.3. Evaluation and Comparative Analysis

The performance of the model was evaluated using standard
metrics, including accuracy, precision, recall, F1-score, and a
confusion matrix to provide detailed insights into class-wise
predictions. Among the evaluated models, VGG16, Incep-
tionV3, and Xception achieved the highest accuracies. Xcep-
tion attained the best overall performance with an accuracy of
91.22%, consistently demonstrating high precision, recall, and
F1-scores across all 12 classes, as summarised in Table 4. In
comparison, VGG16 achieved 82.65% accuracy, while Incep-
tionV3 reached 89.80%, highlighting the performance differ-
ences among the individual models.

To further validate the robustness of Xception, the impact of
K-fold cross-validation was evaluated by modifying the dataset.

Table 4: Performance Summary of Different Models

Model Accuracy Precision Recall Fl-score
VGG16 0.827 0.846 0.816 0.819
InceptionV3 0.898 0.907 0.900 0.901
Xception 0.912 0.914 0.910 0.911
ResNet50 0.492 0.599 0.477 0.466
ResNet101 0.443 0.634 0.429 0.433

A new Noise class, consisting of 304 images representing non-
socket objects potentially missed by Step 1 YOLO, was added
to the original 3,187 images, resulting in a total of 3,495 im-
ages across 13 classes (12 socket types + Noise). These images
were organised into 13 folders for training and validation in a
5-fold cross-validation setup, while an additional 175 unseen
images, spanning all classes, were reserved for testing. This
setup allowed us to assess whether cross-validation improves
model generalisation.

As summarised in Table 5, the 5-fold cross-validation strat-
egy increased accuracy from 85.4% to 87.7%, precision from
87.8% to 89.4%, recall from 85.3% to 88.4%, and F1-score
from 85.5% to 88.1%. These results demonstrate that K-fold
cross-validation provided a modest but consistent improvement
in performance over the single-run Xception model. Note that
the test dataset differs from the split of 70:15:15.

Table 5: Performance Summary of Xception Models

Model Accuracy Precision Recall F1
Xception 0.854 0.878 0.853 0.855
Xception (5-Fold CV)  0.877 0.894 0.884 0.881

Therefore, Xception with 5 cross-validation was identified as
the best performer in stage two socket type classification.
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Figure 5: Plug and Socket Types from Type A to Type N [28]

6. Stage 3: Inferring Geolocation through Socket
Type—Country Mapping

The final stage of the proposed pipeline focusses on us-
ing socket detection results to infer the geolocation of hotel
rooms, highlighting the practical applicability of the proposed
approach.

6.1. Test Dataset Preparation

The test dataset for this experiment was derived from the
Hotels-50K TraffickCam dataset, available from its official
GitHub repository. To prepare the data, the dataset was ob-
tained by modifying the download script to preserve the origi-
nal image resolution. This was a crucial step because the target
object, electric sockets, is often small within the larger image,
and resizing could lead to a loss of detail essential for accurate
detection.

The Hotels-50K dataset comprises two subcategories: Traf-
fickCam and travel website images. TraffickCam consists of
crowd-sourced photos submitted by travellers worldwide, re-
flecting real-world conditions. After retaining and downloading
the images in their original resolution of 1024 x 768, the dataset
provides images in this resolution, with sockets typically ap-
pearing in small regions of approximately 130 x 87 pixels.

In contrast, travel website images are professionally captured
under ideal lighting and angles, often with colour correction and
photo editing. These images are also provided at a lower res-
olution (350 x 233), making the sockets barely visible. As a
result, they were excluded from testing. The TraffickCam sub-
set, by depicting more realistic, non-professionally taken and/or
edited photos, is considered to provide a better representation of
the conditions encountered in practical investigations and was
therefore used exclusively for evaluation.

To establish a ground truth for the experiment, the dataset
was processed to associate each image with its corresponding
country. This involved a multistep process: Merging Metadata:
the various CSV files from the original dataset were consoli-
dated to create a unified file containing image IDs, hotel IDs,
and geographic coordinates (latitude and longitude). Geolo-
cation: Using the geopy.geocoders library, the geographic

coordinates were converted into country names. Standardisa-
tion: To ensure consistency, the country names were standard-
ised using the pycountry library, as the raw geolocation output
sometimes returned names in native languages. Illegal charac-
ters were removed, and spaces were replaced with underscores
to create valid directory names.

The final dataset was restructured into a clean directory, with
images organised into subfolders named after their respective
countries. This structure, along with a consolidated CSV file
containing all relevant metadata, streamlined the subsequent
country-specific analysis. The reason images were arranged in
folders instead of being directly taken and compared from the
CSV file was to facilitate visual inspection, ensuring that the
code functioned correctly and that each country was accurately
represented with its respective socket type.

6.2. Data Analysis, Evaluation, and Results

The model’s performance was evaluated by assessing its abil-
ity to detect a plug socket in an image and then classify it to de-
termine its corresponding country. For each image in which a
socket was successfully detected and classified, it was checked
whether the predicted plug type and the image’s actual country
formed a valid pair according to this mapping. A correct match
was assigned a score of 1, an incorrect match received a score of
—1, and the noise class was assigned a neutral score of 0. These
scores were used to calculate key performance metrics, such as
the confusion matrix, precision, recall, and F1 score. This ap-
proach provided a comprehensive assessment of the model’s ac-
curacy. Finally, the results were compiled into a detailed sum-
mary report. They were presented with graphical visualisations,
such as bar charts, to provide a clear and intuitive interpretation
of the model’s overall performance.

A total of 44,630 TraffickCam images were processed
through the algorithmic pipeline. In the first stage, YOLO de-
tected 3,759 potential sockets. To enhance detection accuracy
and eliminate false positives, a second-stage classifier was em-
ployed to identify and remove noise. Specifically, instances
where non-socket objects (e.g., switchboards) were incorrectly
detected as sockets in the first stage were classified as noise.
This step identified 1,393 noisy detections, leaving 2,366 valid



sockets. These valid detections were subsequently passed to the
socket classification stage, where only those with a confidence
threshold above 70% were retained. The results are summarised
in Table 6.

Table 6: Classifier Threshold Analysis for Socket Detection

Class Confidence Correct Wrong Total Accuracy (%)
> 70% 1595 146 1741 91.61
> 80% 1421 95 1516 93.73
> 90% 1167 45 1212 96.29

When considering different socket classification confidence
thresholds, the performance varies. The confidence threshold
represents the model’s predicted probability that a socket be-
longs to the predicted class. Without applying any socket con-
fidence threshold, 1,967 predictions were correct, and 399 were
incorrect, resulting in an accuracy of 83.08%. At a threshold
above 70%, 1,595 predictions were correct, and 146 were in-
correct, resulting in an accuracy of 91.61%. Increasing the
threshold above 80% reduced the number of correct detections
to 1,421, while incorrect detections decreased to 95, yielding
an improved accuracy of 93.73%. At the highest threshold of
above 90%, correct detections further decreased to 1,167, with
only 45 incorrect predictions, resulting in the highest accuracy
of 96.29%. These results illustrate the trade-off between confi-
dence and accuracy: lower thresholds capture more sockets but
result in more false positives, whereas higher thresholds reduce
errors at the cost of missing some detections, as shown in Fig. 6.
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Figure 6: Country prediction accuracy by varying socket type confidence
threshold values

7. Discussion

The proposed pipeline has been developed with generalis-
ability in mind, aiming to detect electric sockets in images be-
yond the Hotels-50K dataset. As a universal visual cue, sockets
have the potential to support geolocation in any indoor image.
However, socket detection is inherently challenging due to their
small size and the frequent low resolution of imagery. Despite
these challenges, the method performs strongly when sockets

are present, with geolocation inference achieving 96.29 % ac-
curacy. The reported precision of 0.85 demonstrates effective
detection, but only around 10 % of TraffickCam images contain
visible sockets, which explains why applying high confidence
thresholds reduces usable images to about 2 % of the dataset.
Misidentification of countries is primarily due to the YOLO-
based detection stage identifying non-socket objects, such as
switchboards or other sources of visual noise, as potential sock-
ets. In stage two, these detections are assigned the NOISE class,
resulting in a incorrect socket score. Contributing factors in-
clude low image resolution, occlusions, and challenging light-
ing conditions. These issues indicate that most misclassifica-
tions are technical limitations of the current detection and clas-
sification pipeline, although some inherent limitations remain
when atypical or uncommon socket types are present. Improve-
ments in detection accuracy, higher-resolution imagery, and en-
hanced classification models could reduce such errors.

8. Conclusion

This paper presents a universal pipeline for socket detection
and classification, motivated by its potential to enhance geolo-
cation capabilities in investigative contexts where conventional
cues, such as metadata, outdoor landmarks, and sensor data,
are unavailable. By curating two new datasets, benchmark-
ing multiple detection and classification models, and evaluat-
ing performance on the Hotels-50K TraffickCam dataset, this
study demonstrates both the feasibility and the challenges as-
sociated with socket-based indoor geolocation. Despite chal-
lenges such as small object size and low-resolution imagery,
the results demonstrate strong detection accuracy and validate
the concept’s practical potential, enabling investigators to auto-
mate geolocation across large volumes of digital evidence and
convert it into actionable intelligence.

Beyond technical performance, this work contributes to the
emerging field of Al-driven multimedia forensics, where vi-
sual scene elements are utilised to support digital investigations.
Socket detection offers a unique, region-specific forensic cue
that can aid law enforcement agencies in narrowing search re-
gions, corroborating other forms of evidence, and identifying
the possible origins of illicit or trafficking-related imagery. The
proposed framework, therefore, represents an important step to-
wards scalable, context-aware forensic tools that bridge the gap
between CV and real-world investigative practice.

Future work will focus on grouping visually similar scenes
based on distinctive feature representations, enabling indirect
geolocation inference and the propagation of cues from one im-
age across an entire image set. Such clustering can reveal pat-
terns in large datasets and link unknown or unlabelled images
to geographically known locations. Further integration of mul-
timodal cues, including architectural styles, interior designs, or
visible textual information, could strengthen geolocation when
electrical fixtures are unavailable. Human inspection of rep-
resentative subsets could also help verify socket presence and
detection accuracy, refine confidence thresholds, and assess the
pipeline’s applicability to diverse, real-world images. Together,



these strategies would make the system more scalable and prac-
tical for forensic and investigative applications, bridging the
gap between Al-based contextual geolocation and digital inves-
tigations. to cluster visually similar scenes and strengthen ge-
olocation inference when sockets are not visible. By combining
socket-based detection with broader contextual cues, the frame-
work could evolve into a robust and general-purpose forensic
system capable of supporting a wide range of investigative and
humanitarian applications.
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