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 A B S T R A C T

Detecting advertisements in digitized newspapers is a key step in large-scale media analytics and digital 
archiving. However, variations in layout, typography, and advertisement design across publishers and time 
periods cause significant domain shifts that reduce the generalization ability of supervised detectors. This 
paper presents AdAPT, a confidence-guided pseudo-labeling pipeline for unsupervised domain adaptation in 
advertisement detection. The proposed method leverages both advertisement-free (Null) and advertisement-
containing pages from unlabeled target domains to generate reliable pseudo-labels. By retraining a YOLO-based 
detector using labeled source data combined with filtered pseudo-labeled target samples, AdAPT achieves 
robust adaptation without requiring manual annotation. Experiments conducted on two unseen newspapers 
(Adresseavisen and iTromsø) demonstrate that Null-based pseudo-labeling provides the most stable and 
accurate adaptation, yielding up to 38% error reduction compared to the baseline. The results highlight 
AdAPT as a simple, scalable, and annotation-efficient solution for maintaining high-performance advertisement 
detection across diverse newspaper collections.
1. Introduction

The automated detection of advertisements (Ads) in printed news-
papers is a practical yet challenging task in document image analysis. 
From a computer vision perspective, Ads are visually diverse objects 
that vary in size, layout, typography, and graphic design, making them 
harder to detect reliably than structured elements such as text blocks or 
tables. Accurate detection is critical because it enables downstream ap-
plications including large-scale media analysis, content categorization, 
and revenue modeling in digital archives. However, acquiring labeled 
data for every new newspaper collection is costly and labor-intensive, 
restricting the scalability of fully supervised detection pipelines. A more 
robust detector that can generalize across heterogeneous newspaper 
styles would not only reduce annotation and retraining costs but also 
address broader challenges in cross-domain object detection such as 
domain adaptation, class imbalance, and reliability under distribution 
shifts that remain open in computer vision.

Detecting Ads in newspapers is challenging because they often 
resemble editorial content. Their placement is unpredictable appearing 
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at the bottom, embedded within article columns, or spanning an entire 
page and modern Ads increasingly mimic the visual style of articles, 
blurring editorial and commercial boundaries. Such diversity requires 
detection methods that capture both visual and contextual cues, while 
language differences and regional editorial practices further reduce 
generalizability across publishers.

To situate newspaper ad detection within the broader literature, 
prior work has examined ads across multiple media platforms. In tele-
vision (Rondan et al., 2025; Wardana & Wibowo, 2023), radio (Álvarez 
et al., 2024), and digital platforms (Carvalho et al., 2021; Jain et al., 
2024), detection systems often rely on structured cues such as logos, 
transitions, or audio patterns. For print media, related efforts have 
emerged from document layout analysis and segmentation (Almutairi & 
Almashan, 2019; Bansal et al., 2021), where Ads are usually treated as 
secondary elements. In parallel, methods like ADVISE (Ye & Kovashka, 
2018), AdSegNet (Dhang et al., 2024), and LaBINet (Dhang et al., 2025) 
address Ad understanding in natural scenes, with ADVISE focusing on 
interpreting Ad messages and the latter two on segmentation, but all 
assume Ads are already localized. Similarly, PTPNet (Madi et al., 2021) 
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operates as a single-instance polygon regressor on Ad-present inputs 
rather than a full-page Ad detector. In addition, works such as Almgren 
et al. (2018) or the magazine ‘AD or Non-AD’ classifier approach the 
task as binary region classification (Ad vs. non-Ad). As they lack an 
explicit page-level localization stage, these approaches are not readily 
applicable to dense, layout-rich newspaper pages.

Recent efforts have applied deep object detection methods to the 
problem of Ad identification in digitized newspapers. Jonsson (Jon-
sson, 2022) employed a Faster R-CNN-based approach, showing that 
convolutional detectors can localize Ads with high accuracy in spe-
cific collections. More recently, AdVision (Sayyad et al., 2025) in-
troduced a YOLOv8-based detector, demonstrating high performance 
across several newspaper datasets. While these methods establish the 
effectiveness of deep learning for Ad detection, Sayyad et al. (2025) 
highlights that domain shifts between newspapers and differences in 
layout, typography, and Ad styles — remain a barrier. Beyond cross-
publisher shift, newspaper Ad distributions evolve over time due to 
seasonal campaigns, redesigns, and changing layout rules. In practice, 
detectors trained on recent data can degrade measurably over a span of 
months as styles shift, requiring frequent refreshes to sustain quality. 
Continuous fully supervised updates are impractical because they imply 
recurring annotation cycles. This makes low-touch adaptation strategies 
such as pseudo-labeling on fresh unlabeled pages attractive: they enable 
periodic updates that track distribution drift while minimizing labeling 
overhead.

Unsupervised domain adaptation (UDA) provides a promising path 
for overcoming both cross-publisher and temporal gaps by leveraging 
unlabeled target data. In general, UDA seeks to transfer knowledge 
from a labeled source domain (e.g., one newspaper collection) to an 
unlabeled target domain (e.g., a different publisher or a later time 
period) where annotation is unavailable. The core challenge is to 
mitigate the distribution shift between source and target domains so 
that a model trained on the source can generalize effectively to the 
target. A wide range of UDA strategies have been explored in computer 
vision, including feature alignment methods (He et al., 2023) that 
reduce domain discrepancy in latent space, adversarial approaches (Lv, 
Xia et al., 2025) that enforce domain-invariant representations, and 
self-training methods (Zhu et al., 2025) that iteratively refine the model 
using pseudo-labels on target data.

Among UDA strategies, pseudo-labeling has proven effective in 
related computer vision tasks by generating high-confidence predic-
tions on unlabeled samples that are then used as additional training 
samples (Guo et al., 2025; Kage et al., 2024). However, its potential for 
Ad detection in digitized newspapers remains unexplored (Oza et al., 
2023). This paper investigates how pseudo-labeling can be exploited 
to adapt Ad detection models across diverse newspaper domains with-
out requiring additional annotations. To address these challenges, we 
propose a Confidence-guided pseudo-labeling pipeline for unsupervised 
domain adaptation in newspaper Ad detection.

Our main contributions are as follows:

1. We introduce AdAPT, a confidence-guided pseudo-labeling
pipeline for adapting Ad detectors to new newspaper domains 
without requiring manual target annotations.

2. We present the first systematic study of pseudo-labeling in doc-
ument Ad detection. Our results show that Null page  super-
vision plays an important role in cross-domain generalization, 
outperforming Ad-only Pseudo Labeling.

3. We complement this with an analysis of limited supervised 
adaptation, quantifying how much labeled target data is needed 
to achieve performance comparable to pseudo-labeling, thereby 
providing practical guidance for choosing between annotation 
and pseudo-labeling.
2 
Our findings demonstrate that confidence-aware self-training is a 
practical, effective, and easily integrable solution for scalable Ad detec-
tion across diverse newspaper formats. The remainder of the paper re-
views related work (Section 2), presents our confidence-guided pseudo-
labeling method (Section 4), reports results and analysis (Section 6), 
discusses implications and limitations (Section 7), and concludes (Sec-
tion 8).

2. Related work

Advertisement detection has been explored across diverse media, 
each presenting distinct challenges. In broadcast domains such as tele-
vision and radio, detection relies on structured cues like transitions, 
jingles, or logos (Álvarez et al., 2024; Rondan et al., 2025; Wardana & 
Wibowo, 2023), while in digital and outdoor media, visual regularities 
allow segmentation or insertion-based approaches (Carvalho et al., 
2021; Dhang et al., 2024, 2025; Jain et al., 2024). Methods such as 
ADVISE (Ye & Kovashka, 2018) and PTPNet (Madi et al., 2021) focus 
on message interpretation or single-instance localization, assuming Ads 
are already isolated.

In contrast, printed newspapers present a more complex case: Ads 
appear within dense page layouts and often mimic editorial design. 
Early document layout analysis work (Almutairi, 2025; Almutairi & 
Almashan, 2019; Bansal et al., 2021) treated Ads as secondary ele-
ments, and image-level classifiers (Almgren et al., 2018; Jain et al., 
2021) lacked spatial localization. Recent approaches using deep object 
detectors have advanced the field – Jonsson (Jonsson, 2022) em-
ployed Faster R-CNN, and YOLO-based methods (Sayyad et al., 2025; 
Zakaryapour Sayyad et al., 2024) achieved strong accuracy – but cross-
domain generalization remains limited due to layout and style variation 
across publishers.

This issue reflects the broader challenge of domain adaptation in 
computer vision, where models trained on a labeled source domain 
may struggle to generalize to a target domain with different visual or 
structural characteristics. This has motivated research into adaptation 
strategies in computer vision, particularly unsupervised domain adap-
tation (UDA). UDA seeks to mitigate such gaps by exploiting unlabeled 
target data, reducing the need for costly annotation (Alijani et al., 
2024). One strategy within UDA is pseudo-labeling, in which a source-
trained model generates predictions for target samples, and reuses 
confident predictions as surrogate labels (Kage et al., 2024). This form 
of self-training has shown encouraging results in related areas such 
as object detection in natural images (Xu et al., 2021) and semantic 
segmentation (He et al., 2021), as it enables models to progressively 
align with the target distribution.

Recent research has extended pseudo-labeling to object detection, 
where bounding-box localization and class confidence must be esti-
mated jointly. Early semi-supervised frameworks such as STAC (Sohn 
et al., 2020), Unbiased Teacher (Liu et al., 2021), and Soft Teacher (Xu 
et al., 2021) introduced teacher–student (strong/weak) consistency 
learning to leverage unlabeled images through high-confidence pseudo-
boxes. Subsequent methods including DenseTeacher (Zhou et al., 2022),
LabelMatch (Chen et al., 2022), and Consistent-Teacher (Wang et al., 
2023) improve pseudo-label quality through dense prediction supervi-
sion, label matching across classification and localization, and mech-
anisms to reduce temporal inconsistencies in pseudo-targets. These 
semi-supervised detection frameworks share conceptual foundations 
with pseudo-label-based domain adaptation, where confident target 
predictions serve as auxiliary supervision to bridge domain gaps.

Transformer-based detectors have further advanced pseudo-
supervision. Sparse Semi-DETR (Shehzadi et al., 2024) introduces query-
refinement and reliable pseudo-label filtering to improve DETR-style 
detection under limited annotation, while the more recent STEP-DETR
(Shehzadi et al., 2025) extends this line with a dual-teacher ensem-
ble and pseudo-label-guided text queries to enhance class balance 
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and foreground–background discrimination. These methods empha-
size pseudo-label reliability within transformer decoders, demonstrat-
ing that refined teacher signals and denoising strategies substantially 
improve detection quality.

In domain adaptation, pseudo-labeling is often combined with fea-
ture alignment. Approaches such as ConfMix (Mattolin et al., 2023), 
Align and Distill (Kay et al., 2024), and Dual Probabilistic Align-
ment (Zheng et al., 2025) jointly exploit detector predictions on the 
target domain and domain-invariant feature learning to mitigate distri-
bution gaps. More challengingly, recent works address pseudo-labeling 
under open-set or class-imbalanced conditions, for example in domain-
adaptive 3D detection with class-balanced pseudo boxes (Chen et al., 
2023) and class-balanced domain adaptive object detection in driving 
scenes (Cai et al., 2024; Kennerley et al., 2024).

These studies establish pseudo-labeling as an effective strategy for 
bridging domain gaps in natural image detection. However, most rely 
on multi-round teacher–student pipelines that place stronger emphasis 
on refining classification confidence than on explicitly improving lo-
calization accuracy and they are optimized for natural-image scenes 
instead of structured layouts such as newspapers. In contrast, our 
method adopts a simpler, single-pass pseudo-labeling strategy that 
directly targets spatial consistency and region localization, making it 
more suitable for document and newspaper archives.

Beyond layout segmentation baselines, recent document-domain 
detectors explore semi-supervised training directly within Document 
Layout Analysis (DLA). PP-DocLayout (Sun et al., 2025) introduces 
a unified document layout detector suite (L/M/S) over 23 categories 
spanning papers, magazines, and newspapers, coupling a high-precision 
teacher (RT-DETR-L) with lightweight students via class-adaptive
pseudo-labeling. The teacher provides pseudo-boxes whose thresholds 
are tuned per class to maximize validation F1, and students inherit 
these labels to trade accuracy for speed. Compared to DocLayout-
YOLO (Zhao et al., 2024), PP-DocLayout emphasizes teacher–student 
pseudo-label transfer and finer label granularity; however, differences 
in taxonomies and datasets limit direct mAP comparisons. While not 
Ad-specific, it demonstrates that pseudo-labeling within document 
layout detection scales effectively across diverse page types, comple-
menting our focus on Ad detection under domain shift.

A related line of research investigates pseudo-labeling as a means 
of stabilizing semi- and unsupervised training across vision tasks. In 
semantic segmentation, U2PL (Wang et al., 2022) demonstrates that 
pixels with low confidence can still serve as negative pseudo-labels, 
helping to regularize decision boundaries. In facial expression recogni-
tion, SPS-NM (Lv, Ren et al., 2025) explicitly balances reliable positive 
pseudo-labels with multiple negatives to mitigate noise, while Clus-
Match (Wu et al., 2025) shows that unified positive/negative pseudo-
label learning improves clustering quality. Other works refine pseudo-
labels under domain shift, for example by enforcing cross-scale and 
temporal consistency in object detection (Guo et al., 2025) or denoising 
pseudo-identities in person re-identification (Wang, Zhang et al., 2022). 
Although these approaches differ in task and modality, they share the 
insight that negatives are as important as positives when pseudo-labels 
are imperfect.

Similar observations arise outside the pseudo-labeling setting: in 
ultrasound lesion detection, Yu et al. (2023) explore negative tempo-
ral contexts to suppress false positives in real time, while Nogueira-
Rodríguez et al. Nogueira-Rodríguez et al. (2023) show that incorporat-
ing explicit negative samples improves polyp detection in colonoscopy. 
Both works highlight that systematically modeling negatives can sub-
stantially reduce false alarms, a principle we extend to Ad detection 
by exploiting abundant Null pages  as reliable negative supervision. 
Our setting departs from this convention: unlike relative negatives 
(e.g., ‘‘not class A’’) derived from ambiguous predictions, newspapers 
provide abundant and well-defined Null pages  that contain no Ads at 
all. Leveraging these absolute negatives as primary pseudo-labels offers 
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a domain-specific path to robust adaptation, complementing prior work 
that focused on mining negatives from within uncertain predictions.

To the best of our knowledge, pseudo-labeling has not been sys-
tematically investigated for Ad detection in documents. Existing Ad 
detectors such as AdVision remain purely supervised, leaving open the 
question of whether lightweight pseudo-labeling can extend their gen-
eralization to new newspaper datasets. Unlike natural scene datasets, 
newspapers combine dense text, structured layouts, and visually am-
biguous elements, raising open questions about which pseudo-labels 
(e.g., Ad-containing pages vs. Null pages) provide the most reliable 
adaptation cues. Exploring pseudo-labeling in this context is therefore 
relevant not only for reducing annotation costs in new newspaper 
datasets but also for broadening the application of UDA techniques in 
the domain of document image analysis.

Our focus is a simple, single-pass alternative tailored to newspa-
pers: instead of multi-round teacher–student training, we (i) generate 
pseudo-labels once, (ii) separate positive Ad pages  from Null page, and 
(iii) retrain from scratch on source data mixed with pseudo-labeled tar-
get pages. This design is motivated by two properties of real archives: 
Null pages  are plentiful and diverse, providing reliable negative su-
pervision, whereas high-threshold Ad pseudo-boxes are sparse and still 
noisy under domain shift. We therefore analyze confidence thresholds 
for both and show that exploiting Null pages  as primary pseudo-labels 
offers a data-efficient, compute-light path to robust cross-newspaper 
generalization.

3. Challenge

The main challenge in this research is achieving robust cross-
domain generalization of AdVision (Sayyad et al., 2025), a YOLO-based 
Ad detector, across diverse digital newspaper styles. Newspaper lay-
outs, styles, and Ad formats vary widely across publications, making 
it difficult for models trained on one dataset to accurately detect Ads 
in a different newspaper (Sayyad et al., 2025). A model trained on 
one publication often fails to generalize to another due to this domain 
shift, resulting in significant drops in detection accuracy when applied 
to unseen formats. Additionally, labeling new target data is costly 
and time-consuming, creating a bottleneck for scalable deployment. 
Reducing dependence on manually annotated data while ensuring 
reliable Ad detection is a critical challenge.

These domain shifts arise directly from the wide visual and struc-
tural diversity of newspaper Ads. Fig.  1 illustrates representative full-
page Ads from Adresseavisen (Adresseavisen, 2022–2023), UK Metro
(Metro, 2022–2023), Sydsvenskan (Sydsvenskan, 2022–2023), and
Berlingske (Berlingske, 2022–2023). For example, Fig.  1(a) features 
large, distinct products with bold pricing, while Fig.  1(b) follows a 
neat grid layout with clear product–price pairs. In contrast, Fig.  1(c) is 
much denser and cluttered, with overlapping starbursts and irregular 
alignments. Fig.  1(d) is text-heavy with minimal product imagery, 
resembling a poster or branding campaign rather than a traditional 
product Ad. This variability illustrates why a single Ad detector may 
not generalize equally well across all pages, requiring adaptability to 
both structured and unstructured designs.

Detecting in-page Ads across newspapers is further complicated by 
placement and size variance as well as stylistic similarity to editorial 
content. As illustrated in Fig.  2, Ads can appear as right-rail blocks 
(e.g., UK Metro), left-rail vertical strips (e.g., Sydsvenskan), bottom-of-
page strips integrated into the layout (e.g., Adresseavisen), or mid-page 
panels adjacent to headlines (e.g., Berlingske). These occupy different 
aspect ratios (column, half-page, full-height rail, bottom banner) and 
use diverse color schemes (from subdued editorial tones to saturated 
promotional palettes). Notably, the Adresseavisen example shows edi-
torial and Ad modules sharing very similar typography and grid rules, 
increasing the risk of false positives when an Ad detector relies on 
layout cues alone. Together, variability in position, size, aspect ratio, 
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Fig. 1. Examples of full-page Ads with diverse layouts. Variability in density, typography, and visual emphasis illustrates why detectors trained on one archive 
may fail to generalize.
Fig. 2. In-page Ads vary in placement and size: right/left rails, bottom strips, and mid-page panels, in target often with aspect ratios and styles that closely 
match editorial modules.
language/typography, and adjacency to editorial elements means de-
tectors must be robust to both where an Ad lives on the page and how 
closely it mimics surrounding content.

Pseudo-labeling and domain adaptation techniques offer promising 
alternatives, but introduce new complexities, such as determining the 
optimal confidence threshold for pseudo-labels and assessing whether 
including Null (non-Ad) pages improves detection accuracy. Further-
more, selecting the best approach – whether fine-tuning an existing 
model, training a separate one, or using a hybrid strategy – remains 
an open question, especially in scenarios with limited labeled target 
data.

Addressing these challenges requires a systematic exploration of 
pseudo-label strategies, data selection criteria, and target data volume 
to balance accuracy and annotation cost.

4. Methodology

The main goal of this paper is to adapt AdVision, a YOLOv8-based 
Ad detector, to new newspaper domains without relying on extensive 
manual annotation. To this end, we introduce AdAPT, a single-pass 
pseudo-labeling pipeline in which pseudo-labels are generated once by 
a source-trained model and then used to retrain a detector from scratch. 
AdAPT is model independent; it operates at the pseudo-labeling and 
data-adaptation levels and can be combined with any object detection 
architecture without modification. AdVision is built on YOLOv8, where 
each input page image is processed as a whole, and the detector outputs 
bounding boxes, and confidence scores. In AdAPT, we use this same 
architecture, but we modify the training pipeline by augmenting its 
inputs with pseudo-labeled.

Training data therefore consists of the original labeled source set 
augmented with pseudo-labeled target pages. Depending on the aug-
mentation strategy, the source labeled training set is extended with: 
(i) pages containing at least one Ad filtered with high-confidence 
pseudo-labels, (ii) Null page  (pages containing no Ads), or (iii) a com-
bination of both types. In addition to AdAPT, we also consider a limited 
supervised adaptation setting, where instead of pseudo-labels we aug-
ment the source dataset with a small amount of manually annotated 
4 
target-domain data. This variant serves as a baseline for quantifying 
how much labeled target data is required to achieve adaptation when 
introducing a new newspaper.

We formalize the datasets in terms of a labeled source domain and 
an unlabeled target domain as follows. Formally, the labeled source 
domain is defined as: 
𝑠 = {(𝑥𝑆𝑖 , 𝑦

𝑆
𝑖 )}

𝑁𝑠
𝑖=1 (1)

where 𝑥𝑆𝑖  is a page image and 𝑦𝑆𝑖  is its set of ground-truth bounding 
boxes and labels, and 𝑁𝑠 is the number of labeled source pages.

The unlabeled target domain is expressed as: 
𝑈

𝑡 = {𝑥𝑇𝑗 }
𝑁𝑡
𝑗=1 (2)

where 𝑥𝑇𝑗  are page images without annotations, and 𝑁𝑡 is the number 
of unlabeled target pages. When explicitly used, a small subset of 
manually annotated target data is denoted as 

𝐿
𝑡 = {(𝑥𝑇𝑘 , 𝑦

𝑇
𝑘 )}

𝑁𝐿
𝑡

𝑘=1. (3)

where 𝑁𝐿
𝑡  is the number of labeled target pages in this supervised 

subset. Here, the subscript 𝑡 ∈ {𝐴,𝐵} specifies the target newspaper: 𝐴
corresponds to Adresseavisen and 𝐵 corresponds to iTromsø  (iTromsø, 
2023). The following subsections detail the methodologies, grouped by 
supervision level (Sections 4.1, 4.2).

4.1. Unsupervised domain adaptation with pseudo-labeling

A key challenge in domain adaptation is the lack of labeled data 
from the target domain. Without annotations, directly training or fine-
tuning a detector on the target pages is infeasible. To address this, in the 
first setting, we adopt an unsupervised strategy in which pseudo-labels 
with automatically generated annotations serving as a substitute for 
manual labeling. Our adaptation pipeline, illustrated in Fig.  3, proceeds 
as follows:

1. Train the source model (AdVision). First, the base YOLO 
detector 𝑓 , denoted as AdVision, is trained on the labeled 
𝜃
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source dataset 𝑠, minimizing the detection loss det, obtaining 
a source trained AdVision model 𝑓𝜃𝑆 : 

𝜃𝑆 = argmin
𝜃

1
|𝑠|

∑

(𝑥𝑆𝑖 ,𝑦
𝑆
𝑖 )∈𝑠

det
(

𝑓𝜃(𝑥𝑆𝑖 ), 𝑦
𝑆
𝑖
)

. (4)

where det is the standard YOLOv8 detection loss, consisting of a 
weighted sum of bounding-box regression loss (CIoU), objectness 
loss, and classification loss.

2. Generate pseudo-labels on the target domain. Next, the
trained AdVision model is applied to each unlabeled target 
image 𝑥𝑇𝑗 ∈ 𝑈

𝑡  to produce candidate annotations: 

𝑦̂𝑇𝑗 = 𝑓𝜃𝑆 (𝑥
𝑇
𝑗 ) = {(𝑏𝑗𝑚 , 𝑐𝑗𝑚 , 𝑠𝑗𝑚 )}

𝑗𝑀
𝑗𝑚=1

, (5)

where each predicted instance is represented as a tuple
(𝑏𝑗𝑚 , 𝑐𝑗𝑚 , 𝑠𝑗𝑚 ) consisting of a bounding box 𝑏𝑗𝑚 , a class label 
𝑐𝑗𝑚 , and an associated confidence score 𝑠𝑗𝑚 ∈ [0, 1]. Here, 
index 𝑗𝑚(1 ≤ 𝑗𝑚 ≤ 𝑗𝑀 ) denotes the m-th detection instance 
out of 𝑗𝑀  detection instances in input image 𝑗. We apply two 
distinct confidence thresholds: a high cutoff 𝜏adv for keeping Ad 
pseudo-boxes, and a low cutoff 𝜏null for declaring a page as Null.
For a target image 𝑥𝑇𝑗 , the Ad pseudo-label set is 

𝑦̃𝑇 ,𝑎𝑑𝑣𝑗 = {(𝑏𝑗𝑚 , 𝑐𝑗𝑚 ) ∣ 𝑗𝑚 ∈ {1,… , 𝑗𝑀}, 𝑠𝑗𝑚 ≥ 𝜏𝑎𝑑𝑣} (6)

The Ad-pseudo subset 𝑃𝑎𝑑𝑣 consists of all target pages with at 
least one detection above the confidence threshold: 
𝑃𝑎𝑑𝑣 =

{

(𝑥𝑇𝑗 , 𝑦̃
𝑇 ,𝑎𝑑𝑣
𝑗 ) ||

|

𝑗 ∈ {1,… , 𝑁𝑇 }, 𝑦̃
𝑇 ,𝑎𝑑𝑣
𝑗 ≠ ∅

}

. (7)

Conversely, A page is pseudo-labeled as Null if it contains no 
detections even at the permissive cutoff 𝜏𝑛𝑢𝑙𝑙: 
𝑦̃𝑇 ,𝑛𝑢𝑙𝑙𝑗 = {(𝑏𝑗𝑚 , 𝑐𝑗𝑚 ) ∣ 𝑗𝑚 ∈ {1,… , 𝑗𝑀}, 𝑠𝑗𝑚 ≥ 𝜏𝑛𝑢𝑙𝑙}. (8)

𝑃𝑛𝑢𝑙𝑙 =
{

(𝑥𝑇𝑗 , 𝑦̃
𝑇 ,𝑛𝑢𝑙𝑙
𝑗 ) ||

|

𝑗 ∈ {1,… , 𝑁𝑡}, 𝑦̃
𝑇 ,𝑛𝑢𝑙𝑙
𝑗 = ∅

}

. (9)

For clarity, we denote these pseudo-labeled subsets by PL𝛼
𝑡 . 

Here, 𝑡 ∈ {𝐴,𝐵} refers to the target newspapers, with 𝐴 cor-
responding to Adresseavisen and 𝐵 to iTromsø. The parameter 𝛼
specifies the thresholding strategy (e.g., 𝛼 = 96 for 𝜏adv = 0.96, 
𝛼 = 5 for 𝜏null = 0.05). Exact threshold values are detailed in the 
Results section. It is important to distinguish between pseudo-
labels subsets and ground-truth dataset statistics. Specifically, 
𝑃adv and 𝑃Null represent pseudo-labeled target pages identified 
by the source-trained model. In contrast, 𝑁adv and 𝑁Null in Table 
1 in Section 5.1 denote the numbers of ground-truth Ad and Null 
page  available in labeled datasets. Applying our pseudo-labeling 
procedure typically results in |𝑃adv| and |𝑃Null| that differ from 
the ground-truth counts, depending on the selected confidence 
thresholds.

3. Form the combined training set (as illustrated by the orange 
arrow in Fig.  3). combined is the combination of the source data 
and the chosen pseudo-labeled target data: 

combined = 𝑠 ∪

⎧

⎪

⎨

⎪

⎩

𝑃𝑎𝑑𝑣

𝑃𝑁𝑢𝑙𝑙

𝑃𝑎𝑑𝑣 ∪ 𝑃𝑁𝑢𝑙𝑙

(10)

Depending on the strategy, combined augments the source set 
with only pseudo-labeled Ad pages  (𝑃adv), only pseudo-labels 
Null pages  (𝑃Null), or both.

4. Train the adapted model (AdAPT). A new YOLO detector, 
denoted as AdAPT 𝑓𝜃 , is trained on combined: 

𝜃𝐴𝑑𝐴𝑃𝑇 = argmin
𝜃

1
|combined|

∑

(𝑥,𝑦)∈combined

det
(

𝑓𝜃(𝑥), 𝑦
)

. (11)

This adapted model produces the final predictions on the target 
domain.
5 
Fig. 3.  Illustration of the unsupervised domain adaptation with pseudo-
labeling. The source model AdVision (Sayyad et al., 2025) (YOLOv8-
based (Reis et al., 2023)) is first trained on labeled source data 𝑠 (Stage 1). 
It is then applied to unlabeled target pages 𝑈

𝑡  to generate pseudo-labels data 
𝑃𝐿

𝑡  (Stage 2). The pseudo-labeled target pages are combined with the source 
set to form combined (Stage 3), which is used to train the adapted detector 
AdAPT(Stage 4). The adapted model is then evaluated on the target domain 
(Predict).

4.2. Limited supervised adaptation

In the second setting, unlike the previous pseudo-label based adap-
tation, this approach does not rely on any automatically generated 
target-domain labels. Instead, we investigate the effect of adding a 
limited amount of manually annotated target samples to the training 
set. The objective is to quantify how much labeled target data is needed 
to effectively adapt the model when introducing a new newspaper.

We define a small subset of labeled target data as: 

𝐿
𝑡 = {(𝑥𝑇𝑘 , 𝑦

𝑇
𝑘 )}

𝑁𝐿
𝑡

𝑘=1, (12)

where 𝑥𝑇𝑘  is a target-domain image and 𝑦𝑇𝑘  its corresponding man-
ual annotation. To assess the trade-off between annotation effort and 
performance gain, we experiment with adding 𝑁𝐿

𝑡 ∈ {67, 134, 334, 558}
labeled target samples, corresponding to approximately 1.0%, 2.0%, 
5.0%, and 8.3% of the source training set (𝑁𝑠 = 6696). The smallest 
setting (67 samples) was chosen to simulate a low-effort adaptation 
scenario requiring minimal manual annotation.

For each 𝑁𝐿
𝑡  level, a new YOLO-based model is trained from scratch 

using the combined dataset 

train = 𝑠 ∪𝐿
𝑡 , (13)

where 𝑠 is the original labeled source dataset. The resulting model 
is evaluated on the target-domain test set, and accuracy gains are 
reported for each 𝑁𝐿

𝑡 . This analysis provides insight into the mini-
mum proportion of labeled target data required to achieve satisfactory 
adaptation when adding a new newspaper domain.

5. Experiments

In this section, we present the experimental setup including datasets,
training configuration, and evaluation metrics used to evaluate our 
proposed adaptation strategies.



F.Z. Sayyad et al. Machine Learning with Applications 23 (2026) 100806 
Table 1
Dataset statistics: number of Null pages , Ad pages  , and total pages used in the experiments. Subscripts 𝐿 and 𝑈 denote labeled and unlabeled 
splits, respectively.
 Dataset 𝑁𝑁𝑢𝑙𝑙 𝑁𝑎𝑑𝑣 𝑁𝑇 𝑜𝑡𝑎𝑙 Dataset period Newspaper name Type  
 𝑠 3348 3348 6696 04/2022–03/2023 Berlingske, Sydsvenskan, UK Metro Source train  
 𝐿

𝐴
2676 2573 5249 04/2022–03/2023 Adresseavisen Target train  

 283 275 558 04/2022–03/2023 Target test  
 𝑈

𝐴 – – 12202 01/2024–09/2024 Adresseavisen Target inference (unlabeled) 
 𝐿

𝐵 139 135 274 05/2023 iTromsø Target test  
 𝑈

𝐵 – – 37292 01/2024–09/2024 iTromsø Target inference (unlabeled) 
Table 2
Pseudo-labeled (PL) datasets obtained from the two target domains 𝑈

𝐴 (Adresseavisen) and 𝑈
𝐵  (iTromsø). Ad pages use confidence 

thresholds 𝜏adv ∈ {0.96, 0.97}, producing PL96
∗  and PL97

∗ , respectively. Null pages use 𝜏null = 0.05, producing PL5
∗ .

 Dataset Threshold Pseudo-Ad Pages Pseudo-Null Pages Newspaper name Type  
 PL96

𝐵  (iTromsø) 𝜏adv = 0.96 1964 – iTromsø Pseudo-labeled 
 PL96

𝐴  (Adresseavisen) 𝜏adv = 0.96 2112 – Adresseavisen Pseudo-labeled 
 PL97

𝐵  (iTromsø) 𝜏adv = 0.97 571 – iTromsø Pseudo-labeled 
 PL97

𝐴  (Adresseavisen) 𝜏adv = 0.97 893 – Adresseavisen Pseudo-labeled 
 PL5

𝐵  (iTromsø) 𝜏null = 0.05 – 2000 iTromsø Pseudo-labeled 
 PL5

𝐴  (Adresseavisen) 𝜏null = 0.05 – 1279 Adresseavisen Pseudo-labeled 
5.1. Dataset

Our study uses digitized newspaper datasets spanning multiple do-
mains. Each domain corresponds to a different publication with its own 
layout, typography, and editorial style. Our experiments focus on a 
set of annotated newspapers as source and target benchmarks, com-
plemented by much larger collections of unannotated data that were 
used for pseudo-labeling. The annotated benchmarks include three 
source newspapers: Berlingske (Denmark) (Berlingske, 2022–2023), 
Sydsvenskan (Sweden) (Sydsvenskan, 2022–2023), and UK Metro (Eng-
land) (Metro, 2022–2023), combined to form the labeled source do-
main 𝑠. To assess cross-publisher generalization, we use Adresseavisen 
(Norway) (Adresseavisen, 2022–2023) as the target domain, with a 
small annotated subset 𝐿

𝐴 and a larger unlabeled set 𝑈
𝐴 . In addition, 

we collected unannotated pages from iTromsø (Norway) (iTromsø, 
2023) 𝑈

𝐵  to enable further pseudo-labeling experiments.
We relied on Adresseavisen with both labeled (𝐿

𝐴) and unlabeled 
splits (𝑈

𝐴 ) which enabled controlled evaluation of supervised adap-
tation with limited labeled target data alongside with unsupervised 
pseudo-labeling. In contrast, iTromsø (𝑈

𝐵 ) was used as a purely un-
labeled domain during adaptation, with its small annotated subset 
(𝐿

𝐵) reserved for testing and analysis. Although both are Norwegian 
regional newspapers, they differ in layout density, typography, and 
advertisement frequency, providing complementary test conditions.

Table  1 summarizes the datasets used in this study. The final column 
(‘Type’) indicates the role of each dataset split in our experiments 
(source training, target training, target testing, or target inference for 
pseudo-labeling). We denote a Null page  as a newspaper image without 
any Ads, and an Ad page as a page containing at least one Ad. In the 
table, 𝑁𝑁𝑢𝑙𝑙 and 𝑁𝑎𝑑𝑣 refer to the number of pages of each type, and 
𝑁Total is the total number of pages. Table  2 reports the number of target 
pages that were pseudo-labeled as Ad pages under the high-confidence 
thresholds (PL96/PL97) and the number that were identified as Null 
pages under the cutoff threshold (PL5). These pseudo-labeled subsets 
are used in the adaptation experiments in Section 6.

5.2. Evaluation metrics

In publisher workflows and archival analytics, false positives and 
false negatives affect downstream use differently. False positives (clas-
sifying editorial content as an Ad) increase the estimated share of 
advertising and reduce the accuracy of editorial statistics. False neg-
atives (missing true Ads) lower the estimated volume of advertising 
content, which can affect analyses of advertising activity and space 
6 
allocation. We therefore evaluate models with four standard object-
detection metrics: (i) mAP@50 (mean Average Precision at IoU=0.5); 
(ii) mAP@50–95, averaged over IoU=0.50:0.95 in 0.05 steps; (iii) 
Precision = 𝑇𝑃

𝑇𝑃+𝐹𝑃 , where TP = true positives and FP = false positives; 
and (iv) Recall = 𝑇𝑃

𝑇𝑃+𝐹𝑁 , where FN = false negatives.
Precision penalizes false positives (controlling inventory inflation 

risk), while Recall penalizes false negatives (controlling revenue un-
dercount risk). We select models by mAP@50, applying statistical tests 
on mAP@50 scores to confirm significance. We prioritize mAP@50 be-
cause Ad boxes follow layout/design boundaries where IoU=0.5 is an 
accepted tolerance, while it aggregates performance across confidence 
thresholds (usable operating points). Precision and Recall are also 
reported so practitioners can choose deployment thresholds consistent 
with their FP/FN tolerance.

5.3. Experimental setup

All experiments were conducted on an NVIDIA GeForce RTX 3090 
GPU (with 24GB VRAM) with fixed random seed for reproducibility. 
We employed the YOLOv8 architecture (Jocher et al., 2023) trained 
from scratch for 150 epochs. Preliminary, we trained different YOLOv8 
variants (n, s, m) on our dataset and observed only marginal perfor-
mance differences; therefore, we selected the lightweight YOLOv8n to 
reduce computation and training time without sacrificing accuracy.

The final training configuration was determined through hyperpa-
rameter tuning in early experiments, where we tested different op-
timization and augmentation settings to balance accuracy, training 
stability, and efficiency. Table  3 summarizes the training configuration 
and Table  4 lists the data augmentations. The hyperparameters in 
Table  3 were determined via a structured search on the labeled source 
domain 𝑠. We defined initial ranges centered on the approximate 
defaults of the YOLOv8 (e.g., learning-rate 0.001, momentum ≈ 0.937, 
weight-decay 0.0005) and explored learning rate ∈ [1 × 10−3, 5 × 10−3], 
momentum ∈ [0.85, 0.95], weight-decay ∈ [1 × 10−4, 5 × 10−4], using 
a cosine-decay schedule with warm-up. The optimum setting (learning 
rate = 2.74 × 10−3, momentum = 0.8818, weight-decay = 3.6 × 10−4) 
achieved the most stable convergence and highest validation mAP 
on 𝑠. The warm-up duration of 4.93 epochs was selected by the 
search and represents a continuous transition from warm-up to full 
scheduling. This fractional epoch value provided improved early-stage 
stability compared with integer warm-up steps.

The labeled source domain 𝑠 combined Berlingske (DK), Sydsven-
skan (SE), and UK Metro (UK). Unlabeled target domains were
Adresseavisen and iTromsø, and their small labeled subsets, 𝐿 and 
𝐴
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Table 3
Training configuration for all experiments.
 Component Setting  
 Model architecture YOLOv8n (lightweight, chosen over s/m)/ YOLOv12n 
 Epochs 150  
 Batch size 16  
 Input resolution 608 × 608  
 Optimizer SGD  
 Initial LR 2.74 × 10−3  
 LR schedule Cosine decay (lrf = 0.00839)  
 Momentum 0.8818  
 Weight decay 3.6 × 10−4  
 Warmup epochs 4.93 (momentum = 0.7061)  
 Loss weights box = 6.06,  cls = 0.35,  DFL = 1.51  

Table 4
Data augmentation configuration.
 Augmentation Setting  
 HSV jitter hue = 0.0098,  sat = 0.4393,  val = 0.2671  
 Translation 0.086  
 Scaling 0.223  
 Horizontal flip 0.5  
 Mosaic 0.518  
 Disabled transforms rotation, shear, perspective, mixup, copy–paste 

𝐿
𝐵 , used only for evaluation. For pseudo-labeling, Ad pages  were 

derived from the high-confidence sets PL96–97, and Null pages  were 
derived from PL5. Models were evaluated on the target-domain test 
sets using Precision, Recall, mAP@50, and mAP@50–95, reporting 
mean and standard deviation over five runs initialized with fixed 
random seeds.

To assess whether observed performance differences across train-
ing scenarios were statistically significant, we conducted a one-way 
analysis of variance (ANOVA) on the mAP@50 scores obtained from 
five independent training runs per configuration. ANOVA tests the null 
hypothesis that all group means are equal, and a significant result 
indicates that at least one scenario differs (Fisher, 1925). When ANOVA 
revealed significant variation, we applied Tukey’s post-hoc Honestly 
Significant Difference (HSD) test (Tukey, 1949) to identify which pairs 
of scenarios differed at 𝛼 = 0.05. This procedure controls the family-
wise error rate when performing multiple comparisons and is widely 
used in experimental evaluation.

6. Results

This section presents results on three aspects: the effect of adding 
limited labeled target data Fig.  6; the comparison of Ad and Null 
page  pseudo-labeling strategies Tables  7, 6, and Fig.  5; and the 
influence of confidence thresholds on pseudo-label selection. Dataset 
statistics for these experiments are summarized in Table  1. In all 
experiments, models were trained on the combined source dataset 
(Berlingske, Sydsvenskan, UK Metro) and optionally augmented with 
pseudo-labeled Ad pages , pseudo-labeled Null pages , both, or a 
small subset of labeled target-domain pages. For our proposed ap-
proach, AdAPT, performance was evaluated on two target domains — 
𝐿

𝐴 (Adresseavisen) and 𝐿
𝐵 (iTromsø). The limited supervised adap-

tation was conducted using 𝐿
𝐴 as the labeled target dataset, since 

only this domain provided a sufficiently large and balanced annotated 
subset for experiments. In the following experiments, we denote the 
threshold-specific pseudo-labeled datasets as PL96

𝑡 , PL97
𝑡 , and PL5

𝑡 , 
corresponding respectively to 𝜏adv = 0.96, 𝜏adv = 0.97, and 𝜏null =
0.05.  Before proceeding to the domain adaptation experiments, we 
compared three YOLOv8 variants (n, s, m) to assess the trade-off 
between model capacity, computational cost, and detection accuracy. 
All variants were trained with the same configuration specified in 
Tables  3 and 4. Each model was trained using five-fold cross-validation 
with a fixed random seed (1), and performance was measured on the 
7 
labeled target-domain test sets 𝐿
𝐴 and 𝐿

𝐵 . Table  5 summarizes the 
resulting mean ± standard-deviation metrics, showing that YOLOv8n 
achieves accuracy comparable to YOLOv8s and YOLOv8m on both 𝐿

𝐴
and 𝐿

𝐵 . However, YOLOv8n trains roughly 2–3× faster than YOLOv8m, 
making it more efficient for repeated adaptation runs. Since AdAPT 
requires multiple pseudo-labeling and fine-tuning cycles, this efficiency 
consideration is important. For this reason, YOLOv8n was selected as 
the backbone for all subsequent adaptation experiments.

6.1. AdAPT

In practice, we employ two distinct operating points for pseudo-
labeling. For Ad pseudo-labels, we use a high threshold 𝜏adv = 0.97, 
denoted PL97

𝑡 . We found that thresholds above 0.97 produced less than 
ten pseudo-labeled pages, which limited their utility, whereas PL97

𝑡
provided sufficient samples. In addition to PL97

𝑡 , we also evaluate 
PL96

𝑡 as a sensitivity check within the same high-confidence regime. 
PL96

𝑡 slightly relaxes the cutoff to admit a few more Ad pseudo-labels. 
For identifying Null pseudo-labeled pages, a much lower threshold is 
required: a page is considered Null if it contains no detections even 
under this permissive cutoff. To decide on the cutoff, we conducted a 
validation experiment on the small labeled target subset 𝐿

𝐴, sweeping 
𝜏 values up to 0.40 and measuring page-level precision/recall, as shown 
in Fig.  4.

To assess the reliability of Null page  selection across different 
confidence thresholds, predictions were evaluated against the manually 
annotated target subset 𝐿

𝐴. Using this labeled data, Precision, Recall, 
and F1-score were computed for Null page  identification under varying 
thresholds. As illustrated in Fig.  4, increasing the confidence threshold 
leads to higher recall but a decline in precision. At higher thresholds, 
fewer detections exceed the confidence cutoff, causing more pages to 
be classified as Null pages . Consequently, a larger portion of true 
Null pages  is correctly identified (increasing recall), but some pages 
containing low-confidence Ads are mistakenly included as null, which 
reduces precision. For Null pseudo-labeling, maximizing precision is 
more critical than recall, since even a small proportion of mislabeled Ad 
pages can introduce considerable noise into the training set. Therefore, 
PL5

𝑡  (𝜏null = 0.05) was selected as the optimal confidence threshold, 
providing near-perfect precision and ensuring that pseudo-labeled Null 
pages  serve as a reliable source of negative supervision.

After establishing 𝜏null = 0.05 as the optimal confidence thresh-
old, we next investigated how pseudo-labeled data affected model 
adaptation across target newspapers. Mean performance and standard 
deviations, computed over five independent runs, are reported in Ta-
bles  6, and 7. We evaluated three adaptation strategies: (i) Ad-only 
pseudo-labels, filtered with a high confidence threshold (PL96–97

𝑡 ); (ii) 
Null-only pseudo-labels, selected with a low threshold (PL5

𝑡 ); and (iii) 
the combination of Ad and Null pseudo-labels. Across both domains, 
adding PL5

𝑡  to the source data achieved the highest gains. Adding 
PL5

𝐴  increased mAP@50 from 0.69 to 0.79, while adding PL5
𝐵  raised 

performance from 0.58 to 0.66, as reported in Tables  6 and 7. In 
contrast, using PL96

𝐴  reduced accuracy to 0.60 mAP@50 and PL96
𝐵  to 

0.55, both performing below the source-only baseline.
While these mean differences suggest a strong benefit from Null-

based pseudo-labeling, statistical verification was necessary to confirm 
that the observed gains were not due to random variation across runs. 
Therefore, a one-way analysis of variance (ANOVA) was conducted 
to compare the six training configurations for each domain. For the 
𝐿

𝐴, the ANOVA revealed significant differences among the strategies 
(𝐹 (5, 24) = 22.71, 𝑝 < 10−7). Subsequent Tukey HSD post-hoc com-
parisons confirmed that adding PL5

𝐴  significantly outperformed both 
the baseline and the Ad-only pseudo-labeling configurations (adding 
PL96

𝐴 , PL97
𝐴 ) , with mean mAP@50 improvements of approximately 

14%–19% over the baseline (𝑝 < 0.01). In contrast, adding PL96
𝐴  and 

PL97 strategies did not differ significantly from the baseline (𝑝 > 0.05).
𝐴
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Table 5
Performance of YOLOv8n, YOLOv8s, and YOLOv8m on the 𝐿

𝐵 (iTromsø) and 𝐿
𝐴 (Adresseavisen) test sets. Results are reported 

as mean ± std across five folds (seed = 1).
 Model Test dataset Training Time (h) P R mAP@50 mAP@50–95 
 YOLOv8n 𝐿

𝐵 0.59 ± 0.005 0.56 ± 0.053 0.63 ± 0.083 0.61 ± 0.036 0.53 ± 0.029  
 YOLOv8n 𝐿

𝐴 0.59 ± 0.005 0.62 ± 0.061 0.64 ± 0.037 0.69 ± 0.036 0.60 ± 0.025  
 YOLOv8s 𝐿

𝐵 0.88 ± 0.004 0.53 ± 0.082 0.62 ± 0.054 0.58 ± 0.043 0.51 ± 0.021  
 YOLOv8s 𝐿

𝐴 0.88 ± 0.004 0.59 ± 0.060 0.63 ± 0.037 0.65 ± 0.055 0.57 ± 0.041  
 YOLOv8m 𝐿

𝐵 1.72 ± 0.004 0.55 ± 0.085 0.59 ± 0.018 0.58 ± 0.036 0.51 ± 0.027  
 YOLOv8m 𝐿

𝐴 1.72 ± 0.004 0.58 ± 0.083 0.67 ± 0.044 0.68 ± 0.054 0.58 ± 0.036  
Fig. 4.  Precision, Recall, and F1-score for Null page  identification under varying confidence thresholds.
Fig. 5. Tukey’s Honestly Significant Difference (HSD) post-hoc analysis of mean mAP@50 across adaptation scenarios using AdVision (source-only baseline) and 
AdAPT (pseudo-labeled variants). Each point indicates the mean mAP@50 over five independent runs, and horizontal bars represent 95% confidence intervals 
based on Tukey’s pooled variance. Dashed vertical lines denote the baseline mean, overall mean, and the best-performing configuration. Results are presented 
for (a) 𝐿

𝐴 (Adresseavisen) and (b) 𝐿
𝐵 (iTromsø).
For the 𝐿
𝐵 , overall performance differences were also statistically 

significant (𝐹 (5, 24) = 13.36, 𝑝 < 10−5). The subsequent Tukey HSD 
pairwise analysis identified PL5

𝐵  as the best-performing configura-
tion, whereas PL96

𝐵  and PL97
𝐵  produced no statistically reliable gains 

relative to the baseline. These results confirm that the improvement 
observed with the Null-based pseudo-labeling strategy is consistent 
and unlikely to result from random variation across training runs. Full 
Tukey results are summarized in Fig.  5, where only PL5

𝐵 ’s confidence 
interval lies entirely above the baseline, indicating its significant and 
stable performance advantage.

6.2. Impact of limited labeled target data

In practical applications, obtaining labeled target-domain data is 
costly and time-consuming, making it important to understand how 
much annotation is needed to achieve reliable adaptation. To determine 
8 
how much labeled target data is required for reliable Ad detection 
performance in the target newspaper, we analyzed mAP@50 scores as 
progressively larger subsets of 𝐴𝐿 were added to the source dataset. 
As illustrated in Fig.  6, the baseline model trained only on source 
data achieved 0.69 mAP@50 on 𝐿

𝐴. Adding 134 labeled pages to 
the source dataset increased the score to 0.84, and extending it to 
335 labeled pages raised it to 0.85. Performance continued to improve 
with additional labeled data, reaching 0.86 mAP@50 at 558 pages. For 
comparison, a model trained solely on 134 pages from 𝐿

𝐴 (without 
source data) reached only 0.67 mAP@50, close to the baseline.

7. Discussion

Our experiments provide several insights into adapting Ad detectors 
across diverse newspaper domains. Below we summarize we discuss the 
key findings.
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Table 6
AdAPT results evaluated on the 𝐿

𝐵 (iTromsø) test set. Each model was trained on the same 
labeled source dataset 𝑠, optionally augmented with pseudo-labeled (PL) target data. Columns 
‘‘Ad PL’’ and ‘‘Null PL’’ indicate which pseudo-labeled subsets were included: : PL96

𝐵 , PL97
𝐵  (Ad 

pages) or PL5
𝐵  (Null pages). A value of ‘‘—’’ means that no additional PL data of that type was 

included in the training set.
 Ad PL Null PL P R mAP@50 mAP@50_95  
 – – 0.58 ± 0.032 0.56 ± 0.055 0.58 ± 0.029 0.51 ± 0.029  
 PL96

𝐵 – 0.55 ± 0.021 0.56 ± 0.043 0.55 ± 0.029 0.48 ± 0.026  
 PL97

𝐵 – 0.57 ± 0.034 0.61 ± 0.042 0.61 ± 0.010 0.53 ± 0.008  
 – PL5

𝐵 0.61 ± 0.058 0.66 ± 0.072 0.66 ± 0.038 0.58 ± 0.033 
 PL97

𝐵 PL5
𝐵 0.60 ± 0.048 0.64 ± 0.045 0.65 ± 0.007 0.57 ± 0.006  

 PL96
𝐵 PL5

𝐵 0.64 ± 0.028 0.62 ± 0.047 0.62 ± 0.011 0.55 ± 0.011  
Table 7
AdAPT results evaluated on the 𝐿

𝐴 (Adresseavisen) test set. All models were trained on a base 
combined set of source data 𝑠, optionally augmented with pseudo-labels (PL) data. Columns 
‘‘Ad PL’’ and ‘‘Null PL’’ indicate which pseudo-labeled subsets were included: PL96

𝐴 , PL97
𝐴  (Ad 

pages) or PL5
𝐴  (Null pages). A value of ‘‘—’’ means that no additional PL data of that type was 

included in the training set.
 Ad PL Null PL P R mAP@50 mAP@50_95  
 – – 0.60 ± 0.039 0.68 ± 0.037 0.69 ± 0.044 0.59 ± 0.035  
 PL96

𝐴 – 0.52 ± 0.018 0.72 ± 0.034 0.60 ± 0.025 0.52 ± 0.022  
 PL97

𝐴 – 0.56 ± 0.081 0.64 ± 0.052 0.67 ± 0.033 0.58 ± 0.031  
 – PL5

𝐴 0.75 ± 0.038 0.72 ± 0.044 0.79 ± 0.030 0.69 ± 0.023 
 PL97

𝐴 PL5
𝐴 0.71 ± 0.018 0.69 ± 0.006 0.76 ± 0.007 0.67 ± 0.007  

 PL96
𝐴 PL5

𝐴 0.67 ± 0.025 0.69 ± 0.030 0.75 ± 0.021 0.65 ± 0.020  
Fig. 6. Effect of labeled target data on model adaptation. The figure shows 
mAP@50 scores on the target domain 𝐿

𝐴 (Adresseavisen) as progressively 
larger subsets of labeled pages are added to the source dataset 𝑠.

Pseudo-labeling strategies: The effect of pseudo-labeling differs between 
Ad pages and Null pages. Ad-only pseudo-labels (PL96

𝑡 , PL97
𝑡 ) selected 

with strict confidence thresholds did not improve accuracy and some-
times reduced it, as shown in Tables  7, 6. The main issue is that correct 
and incorrect detections receive overlapping confidence scores. Figs. 
7(a) for 𝐿

𝐴 and 7(b) for 𝐿
𝐵 show confidence distributions. Correct 

boxes have on average higher confidence (about 0.88), but incorrect 
ones also reach high values (0.73–0.75). Because kernel density estima-
tion (KDE) was used for visualization, the curves extend slightly beyond 
the theoretical [0,1] interval; this is a smoothing artifact and does 
not imply prediction confidences greater than 1. The overlap between 
correct and incorrect detections means that a strict cutoff removes 
many true Ads together with false positives, leaving supervision that 
is both noisy and biased.

In contrast, add PL5
𝑡  consistently improved mAP and precision 

across both target domains, as shown in Tables  7, 6. Null pages are 
abundant in newspaper archives, and when used as pseudo-labels they 
provide reliable negative supervision. This helps the detector learn 
when no Ad is present, reduces false positives, and improves calibration 
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against background variation. Combining Ad and Null pseudo-labels 
did not lead to additional improvements. The noise in Ad pseudo-labels 
outweighed any incremental signal once the model was already well 
regularized by Null pages.

These findings suggest that, under domain shift, pseudo-labels rep-
resenting negative samples (i.e., pages confidently identified as con-
taining no Ads) are more effective than noisy positive detections. Null 
pages cover a broader portion of the feature space and therefore help 
constrain the decision boundary, improving generalization. Ad-based 
pseudo-labeling could become more effective if coupled with confi-
dence calibration or iterative re-labeling schemes that better separate 
true and false detections.
Labeled target data boosts adaptation: Pseudo-labeling provides a more 
scalable but less precise alternative compared to limited target adap-
tion. Adding PL5

𝑡  achieves performance close to that obtained with a 
small labeled subset of the target domain, without requiring manual 
annotation. However, a small annotation budget provide large adapta-
tion gains when combined with diverse source data, as shown in Fig. 
6. In practice, handling the entire labeled target domain for adaptation 
would be costly and often unnecessary, since the goal is to enable low-
touch updates rather than full retraining on large target sets. Therefore, 
we selected a small, representative labeled subset of 𝐿

𝑡  to balance 
adaptation accuracy with annotation and compute efficiency. Labeled 
target pages supply precise supervision that help the model adjust its 
decision boundaries to the target layout and correct residual biases 
from source domains. In contrast, training solely on a limited target 
set performs comparably to the baseline, indicating that labeled data 
are most effective when used to complement diverse source supervision 
rather than replace it.
Validation on iTromsø variants We further evaluate on three iTromsø 
test variants: the original full test set (𝐿

𝐵), a version capped at two 
Ads per page (𝐿-Max2

𝐵 ), and a version capped at one Ad per page 
(𝐿-Max1

𝐵 ); see Fig.  8. Fig.  8(a) shows the variation in mAP@50 across 
the evaluated datasets. Adding PL5

𝐵  (Null-only) gives the strongest 
overall results, rising from about 0.66 on the 𝐿

𝐵 to 0.73 on 𝐿-Max2
𝐵

and 0.80 on (𝐿-Max1
𝐵 ). In contrast, PL97

𝐵  (Ad-only) improves more 
modestly, reaching only 0.61, 0.68, and 0.74 across the three splits. 
Adding both Ad and Null pages PL97–5, lies between them, at roughly 
𝐵
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Fig. 7. Confidence distributions of correct vs. incorrect predictions (density). Overlap at high confidence explains why Ad-only pseudo-labels are weak while 
Null-only augmentation is robust.
0.65, 0.72, and 0.79. This shows that while adding high-confidence Ad 
pseudo-labels gives some benefit, they are not as consistently reliable as 
Null page. The largest gap appears on the 𝐿

𝐵 , where the more diverse 
layouts expose the noise in Ad pseudo-labels most clearly.

Across all training configurations, performance improves monoton-
ically from 𝐿

𝐵 to 𝐿-Max2
𝐵  and then to 𝐿-Max1

𝐵 , indicating that the 
models perform best when the test distribution matches the simpler 
one-ad-per-page scenario. Looking at recall and precision separately 
in Figs.  8(b), 8(c) clarifies mAP50 behavior. Adding PL5

𝐵  to source 
data consistently raises precision, climbing from around 0.61 to 0.71, 
which reflects a clear reduction of false positives on target-domain 
backgrounds. Adding PL97-5

𝐵  achieves the highest recall on the 𝐿-Max1
𝐵

split (around 0.81), as most Ad pseudo-labels collected at strict thresh-
olds come from pages with exactly one Ad; when the test set matches 
this distribution, the model can recover nearly all Ads. However, this 
recall gain comes at the cost of reduced precision, which explains why 
the overall mAP does not surpass adding PL5

𝐵 . By contrast, PL97
𝐵  alone 

suffers both lower recall and weaker precision, showing that sparse 
and noisy Ad pseudo-labels degrade rather than strengthen the adapted 
model.

These patterns highlight two main issues. First, the Ad pseudo-label 
pool is highly biased: strict thresholds preserve mostly single-Ad pages 
, while multi-Ad pages  are often discarded. This creates a distribution 
mismatch that shows up as weaker performance on the 𝐿

𝐵 . Second, 
because the confidence distributions of correct and incorrect boxes 
overlap substantially (see Fig.  7), lowering the threshold to collect 
more Ads introduces many false positives, thereby reducing precision 
and mAP50. In contrast, Null pages  are abundant and reliable, and 
incorporating them calibrates the detector against spurious background 
patterns in the target newspapers, directly improving precision.

These experiments confirm that Null page  pseudo-labels are the 
most stable source of adaptation gains, while Ad-page pseudo-labels 
remain a bottleneck. To move beyond this limitation, future work 
should focus on improving the quality of Ad pseudo-labels—for exam-
ple by better pseudo-label filtering. Once Ad-page supervision becomes 
as reliable as Null page, combining the two should surpass Null-only 
augmentation, especially on denser target layouts. Until then, Null-only 
pseudo-labeling remains the most effective strategy.
Base detector choice (YOLOv8 vs. YOLOv12): To verify that the choice of 
base detector does not bias results, we additionally compared YOLOv8 
and the newer YOLOv12 trained on the same labeled source data and 
evaluated on the source and target newspapers. Table  8 summarizes 
the results averaged over five folds. For this comparison, we fixed the 
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random seed to 5 so that only variability due to data folds was assessed. 
Performance remained highly similar across both versions: YOLOv8 
achieved higher mAP@50 on Adresseavisen (0.712 vs. 0.694) and com-
parable performance on iTromsø (0.572 vs. 0.618 for YOLOv12). These 
differences are small relative to the observed variation across folds and 
do not suggest a consistent performance advantage for YOLOv12. We 
observed nearly identical performance between YOLOv8 and YOLOv12, 
further reinforcing that detector choice does not materially influence 
the baseline. We therefore retain YOLOv8, consistent with the AdVision 
baseline (Sayyad et al., 2025), as a stable and representative architec-
ture for advertisement detection. Moreover, even the newer YOLOv12, 
when trained without domain adaptation, does not outperform our 
Adapt method on the target domain, indicating that the main gains 
arise from adaptation rather than detector architecture.

AdAPT is model independent. It operates entirely at the pseudo-
labeling and domain-adaptation stages and does not rely on any archi-
tectural features of the underlying detector. Consequently, AdAPT can 
be integrated with various detection architectures without modifica-
tion. Future work may explore coupling AdAPT with newer detectors to 
further enhance cross-domain performance. Future work could explore 
integrating YOLOv12 within the Adapt framework to further enhance 
performance.

Implications and limitations: Our results establish Null-based pseudo-
labeling as a low-cost, scalable strategy for cross-domain Ad detection. 
This is particularly advantageous in media archives where the majority 
of pages contain no Ads. in addition to cost reduction, such models 
can support downstream applications including large-scale media anal-
ysis, revenue modeling, and cultural heritage digitization. However, 
pseudo-labeled Ad pages  remain a bottleneck. Confidence thresholds 
cannot cleanly separate correct from incorrect detections, resulting 
in pseudo-label sets that are not fully representative of real Ad-page 
variability. Future work should explore uncertainty-aware filters to 
make Ad pseudo-labels as robust as Null ones.

In this work, the confidence thresholds for pseudo-label selection 
were chosen empirically to ensure stable and high-precision supervision 
across domains. A promising future direction is to incorporate dynamic 
confidence calibration strategies that adjust thresholds according to 
model uncertainty. Recent studies, such as the Double Confidence 
Calibration Focused Distillation (DCCFD) framework (Fu et al., 2024), 
demonstrate how adaptive label smoothing and parameter-averaging 
mechanisms can jointly mitigate overconfidence and enhance stability 
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Fig. 8.  Using our proposed approach, AdAPT, the source model was trained with three different target pseudo-labeled (PL) datasets to compare adaptation 
scenarios. Specifically, AdAPT was trained on the source data augmented with one of PL5

𝐵 , PL97
𝐵 , or PL97–5

𝐵 . The adapted models were then evaluated on 𝐿
𝐵 , 

𝐿-Max2
𝐵  (up to two Ads per page), and 𝐿-Max1

𝐵  (single Ad per page). Panel (a) shows overall mAP@50; panels (b–c) present Recall and Precision. Error bars 
denote standard deviation across runs.
Table 8
Comparison between YOLOv8 and YOLOv12 trained on the labeled source domain and evaluated 
on target newspapers (mean ± standard deviation over five folds). Note: For this comparison, 
we fixed the random seed to 5 for both models to isolate variability due to data folds. Other 
experiments vary both seed and data fold and therefore use seeds 1–5. 
 Model Test Dataset Precision Recall mAP@50/mAP@50–95  
 YOLOv8 𝐿

𝐴 0.63 ± 0.080 0.67 ± 0.036 0.71 ± 0.030/0.61 ± 0.028 
 YOLOv12 𝐿

𝐴 0.54 ± 0.050 0.70 ± 0.073 0.69 ± 0.017/0.60 ± 0.017  
 YOLOv8 𝐿

𝐵 0.51 ± 0.047 0.62 ± 0.061 0.57 ± 0.017/0.50 ± 0.017  
 YOLOv12 𝐿

𝐵 0.56 ± 0.031 0.66 ± 0.047 0.62 ± 0.024/0.55 ± 0.023 
 YOLOv8n 𝑠 0.96 ± 0.018 0.97 ± 0.015 0.98 ± 0.006/0.97 ± 0.011  
 YOLOv12n 𝑠 0.96 ± 0.018 0.97 ± 0.012 0.98 ± 0.006/0.97 ± 0.010  
during continual learning. Adopting similar uncertainty-aware cali-
bration principles could further improve the reliability of pseudo-
labeled Ad regions and complement the robust Null-based supervision 
presented in this study.

Although the present work focuses on Norwegian newspapers, the 
principles underlying AdAPT are not domain-specific and may be trans-
ferable to other document types that exhibit comparable layout vari-
ability, such as magazines, historical reports, or scientific journals. 
These materials often combine structured text regions with heteroge-
neous graphical or non-textual components (e.g., figures, tables, or 
advertisements), which similarly challenge model generalization under 
domain shift. Since AdAPT’s confidence-guided pseudo-labeling relies 
primarily on reliable negative (Null) supervision rather than content-
specific priors, its framework could be extended to such domains with 
minimal modification. Future research may investigate this broader 
applicability through multi-class document layout detection tasks.

8 Conclusion

This paper proposes AdAPT, a practical approach for adapting 
advertisement detection models to new newspaper domains with min-
imal annotation effort in the target. Our experiments showed that 
while small amounts of labeled target data can be highly effective, 
pseudo-labeling offers a practical unsupervised alternative. In particu-
lar, pseudo-labels Null pages  representing Ad-free content proved to 
be the most reliable source of adaptation, improving generalization. 
By contrast, pseudo-labeled Ad pages  alone were too noisy to drive 
consistent gains, and combining them with Null pages  offered only 
marginal benefits. These findings highlight the potential of Confidence-
guided pseudo-labeling, especially of Null examples, as a simple and 
scalable strategy for domain adaptation supporting large-scale media 
analysis in digital archives. Future work will extend this approach 
by investigating the impact of filtering noisy elements from Ad pages 
themselves, to further enhance cross-domain adaptation.
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