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Abstract

Condensed summaries of newspaper articles
cater to the modern need for easily digestible
content amid shrinking attention spans. How-
ever, current summarization systems often pro-
duce extracts failing to capture the essence of
original articles. Traditional evaluation met-
rics like ROUGE also provide limited insights
into whether key information is preserved in
the summaries.

To address this, we propose a pipeline to gener-
ate high-quality summaries tailored for newspa-
per articles and evaluate them using a question-
answering based metric. Our system segments
input newspaper images, extracts text, and gen-
erates summaries. We also generate relevant
questions from the original articles and use a
question-answering model to assess how well
the summaries can answer these queries to eval-
uate summary quality beyond just lexical over-
lap. Experiments on real-world data show the
potential effectiveness of our approach in con-
trast to conventional metrics. Our framework
holds promise for enabling reliable news sum-
mary generation and evaluation systems.

1 Introduction and Related Work

Today’s news consumption is restricted by short
attention spans and limited time. Traditional eval-
uation metrics like ROUGE (Lin, 2004) and ME-
TEOR (Banerjee and Lavie, 2005) depend on shal-
low lexical analysis that poorly captures semantic
understanding. They primarily reference human-
written summaries, focusing on matching words
between source documents and summaries through
n-grams and phrases rather than by extracting con-
tent from relevant newspaper sections. Despite
advances in individual components, limitations per-
sist: integration gaps between components, evalu-
ation shortcomings that assess lexical rather than
semantic content, domain specificity issues with

diverse sources, and limited customization for vary-
ing information densities. We propose an inte-
grated pipeline with a question answering (QA)-
based evaluation framework for more meaningful
summary quality assessment.

Our pipeline combines newspaper page segmen-
tation, article text extraction, summarization us-
ing current NLP models, and encoder-decoder
models to derive QA pairs from original texts
as well as summaries. Current systems using
question-answering evaluation metrics like QuestE-
val (Scialom et al., 2021) have not been fully im-
plemented on newspaper summaries. To address
the limitations of traditional metrics, we present
a question answering-based metric that provides
a more interpretable summary quality measure by
extracting context-relevant QA pairs from source
articles and evaluating the summaries’ ability to an-
swer these questions. We use an array of datasets:
newspaper scans from The Times of India, news
stories from the CNN/Daily Mail dataset (Hermann
et al., 2015; Nallapati et al., 2016), and QA pairs
from the SQuAD v.20 dataset (Rajpurkar et al.,
2018).

A key reference was Tomar (2022), who devel-
oped an end-to-end framework combining Mask
R-CNN (He et al., 2017) for article segmentation,
Tesseract OCR (Smith, 2007) for text extraction,
and BERT-based models (Devlin et al., 2019) for
summarization. This approach addressed complex
newspaper layouts with non-rectangular articles
and embedded images, achieving validation mask
loss of 0.189 and bounding box loss of 0.187.

2 Proposed Methodology

The overall methodology is outlined as shown in
Figure 1:

1. Segmentation and Extraction: We utilize
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Figure 1: Proposed methodology of the system. (a) denotes the initial component of the system responsible for
image procession, article segmentation, and subsequently text extraction and summarization. (b) denotes the
question-answer generation component. (c) denotes the final evaluation of the summary based on sets of QA-pairs.

the Mask R-CNN model for segmenting news-
papers into articles and articles into columns,
and Tesseract OCR for extracting source text
from segmented articles.

2. Summarization: Articles are summarized us-
ing Facebook’s BART-Large-CNN model.

3. Question Generation: Questions are gener-
ated from source articles using the TS model
from the Hugging Face pipeline, fine-tuned
for contextually meaningful questions.

4. Question Answering: Generated questions
are tested on both source articles and their
summaries using Google’s FLAN-T5-BASE-
SQuAD model, specifically designed for
question-answering tasks.

5. Evaluation: We combine multiple metrics
with different weights and penalties for com-
prehensive summary evaluation, using em-
bedding similarity, BERTScore (Zhang et al.,
2020), and cosine similarity. Source text is
passed to a QA generator model to generate
QA pairs, while summaries are passed to pro-
duce answers to source-generated questions;
these pairs are compared to output the final
summary evaluation result.

2.1 Evaluation Metrics

Existing metrics typically measure lexical overlap
and fail to capture semantic accuracy and content
completeness relevant to newspaper summariza-
tion, are more computationally expensive, or re-
quire manual tuning. Our approach aims to over-
come these limitations by considering multiple met-
rics together with penalty functions that enforce
higher priorities to contextual meanings rather than
surface-text matches.

We bring in dynamic weight adjustment for em-
bedding similarity and a scaled penalty factor. The
weights change based on how strong the context of
the summary is, which lets us evaluate things more
flexibly, as shown below in Equation (1).

A dynamically shifts weight based on embed-
ding similarity: when embedding similarity is high,
A tends to favor Adjusted BERTScore; when em-
bedding similarity is low, A\ prefers weights to be
biased toward semantic similarity. The penalty fac-
tor penalizes summaries that are semantically weak
and lacking in critical information.

1086



Trained
Newspaper Data 5 Segmentation
[ Collection 1| Segmentation 7 into articles

Image Segmentation of Newspapers

Text Extraction Text Extracted
Model from Image

Text Extraction

|

Questions Generated
From
Source Text

Answers Generated
By Source and
Summary

T J
Evaluation of
Summary

Question-Answer based Summary Evaluation

Trained Summarizer Summarized
Model Output

Text Summarization

Figure 2: Architecture Diagram of the proposed system, consisting of 4 main components — (a) Image Segmentation
(b) Text Extraction (¢) Summarization (d) QA-based Evaluation.

Final Combined Score = A x Adjusted BERTScore + (1 — \) x Embedding Similarity (D

where,

A = 0.5+ 0.5 x Embedding Similarity
Adjusted BERTScore = BERTScore x Penalty Factor
Penalty Factor = 1 — max(0, 0.5 — Embedding Similarity)

3 Implementation

3.1 Data Collection and Preparation

The newspaper scans dataset contains 9 GB of high-
quality scans of the Times of India for January !
and February 2018 2. Each day consists of 30-
40 pages of different types; we used scans with
both text and images to better model real-world us-
age. Our summary dataset is the CNN/Daily Mail
dataset, containing original articles and their sum-
maries. We used the SQuAD v2.0 dataset compris-
ing question-answer pairs from Wikipedia articles
for QA evaluation.

For segmentation model training, we manually
parsed the dataset images to remove page scans
with more than 60% image or ad content for proper
segmentation model training. We developed a cus-
tom dataset by annotating scans into Rectangular
and Non-Rectangular Articles. We used the open-
source VGG Image Annotator (VIA) tool (Dutta
and Zisserman, 2019) manually annotate 281 full-
page newspaper scans to train the segmentation
model, and 126 individual annotated articles to
train the column segmentation model. We parti-

'https://archive.org/details/
TOIDELJAN18

https://archive.org/details/
TOIDELFEB18

tioned our custom datasets into training (75%), val-
idation (15%), and testing (10%) sets.

Tesseract OCR is used to extract text from seg-
mented articles and columns. Text cleaning ad-
dresses potential OCR errors, word-splitting, and
misspellings.

3.2 Model Training and Transfer Learning

We use Mask R-CNN with pretrained COCO
weights to speed up training and enhance model
performance, thereby fine-tuning it on our custom
datasets. Training involved loss correction by com-
paring model segmentation vs. manual segmen-
tation, using T4 GPU resources through Google
Cloud, to produce training weight files. New im-
ages could then be tested by loading these weights
onto our custom Mask R-CNN model. Another
Mask R-CNN model was trained for column seg-
mentation in the same way.

3.3 Summarization

We used the pretrained Facebook—BART model
for text summarization. BART produces coherent
and context-relevant summaries while maintain-
ing output quality. The BART-Large-CNN model,
trained on CNN/Daily Mail, was integrated into
our pipeline for high-quality summary generation.
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3.4 Question Generation and Answering

Questions are generated from source text using the
Hugging Face question-answering pipeline with a
TS model. The pipeline generates a variable num-
ber of questions based on source article size, with
larger articles producing more questions generated
for comprehensive evaluation. Answers are gener-
ated from both source and summary on identical
question sets, with varying answers indicating po-
tential summary misinterpretation to be penalized
during evaluation.

3.5 Evaluation

We assess summary quality by comparing them to
the original text for accuracy, relevance, and reten-
tion of essential source information. Our evaluation
integrates traditional linguistic metrics (ROUGE
and BLEU) to measure token- and phrase-level
overlap, semantic similarity measures by word-
level similarity using BERTScore and embedding-
based sentence-level similarity using Sentence-
BERT (SBERT) (Reimers and Gurevych, 2019),
and synonym expansion using WordNet.

4 Results and Discussion

The Mask R-CNN model produced outputs of dif-
ferent qualities based on scan types. Scans with
fewer images achieved high segmentation quality
and confidence scores, while those with images or
ads gave less accurate results. We obtained similar
results for article column segmentation. We imple-
mented the BART-Large-CNN model to generate
concise summaries from the extracted newspaper
article text. The QA generation component suc-
cessfully created relevant questions from source
articles and obtained answers from both source and
summary texts.

We evaluated our approach using various exam-
ples, an excerpt of which is tabulated in Table 1.
The respective metrics’ values (min. 0.0 & max.
1.0) in Table 2 and Table 3 are calculated between
the Article Answer and Summary Answer in Ta-
ble 1.

Table 2: Traditional Evaluation Metrics

S.No.| Precision | Recall | F1-Score | BLEU
Ql 0.538 0.438 | 0.482 0.077
Q2 | 0.625 0.500 | 0.556 0.112
Q3 | 0.154 0.111 | 0.129 0.012

Table 1: Questions and Respective Answers

S.No. | Question Article Answer Summary An-

swer

Ql What is the | The Eiffel Tower | The Eiffel Tower
Eiffel Tower | is a landmark in | in Paris is a fa-
known for? Paris, France, vis- | mous tourist spot

ited by millions of | attracting millions
people every year. | annually.

Q2 What factors | Better batteries | Improved batteries
are driving | and subsidies | drive EVs. Charg-
electric vehicle | boost EV use. | ingis still an issue.
adoption? Costs and charg-

ing remain
challenges.

Q3 What causes | Climate change is | The stock market
climate caused by green- | fluctuates
change? house gas emis- | to changes

sions, deforesta- | investor sentiment
tion, and industrial | and economic
activities that trap | indicators.
heat in the atmo-
sphere.
Table 3: Proposed Metric
S.No. | Embedding Similarity | Our Score

Q1 0.866 0.94378

Q2 0.874 0.94732

Q3 0.261 0.509

5 Conclusions, Limitations, and Future
Work

We acknowledge several areas for future improve-
ment. While our QA-based metric effectively iden-
tifies semantic gaps, a larger correlation study is
needed to compare its performance against tra-
ditional metrics like ROUGE and modern LLM-
based evaluators. Our evaluation quality depends
on the relevance of T5-generated questions; future
work could incorporate a filtering mechanism to
keep only high-quality questions. Finally, we could
explore using generated QA pairs in a feedback
loop to iteratively refine summaries. Other areas
of improvement include expanding our segmenta-
tion model to other newspapers, and improving the
question-answering phase by testing more capable
models.

We developed a metric for evaluating newspaper
summaries based a pipeline from image segmenta-
tion to question-answer evaluation. Our framework
and approach holds promise for enabling reliable
news summary generation and evaluation systems
that better match human judgments of summary
quality.
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