
Academic Editor: Changsoo Je

Received: 16 March 2025

Revised: 6 May 2025

Accepted: 23 May 2025

Published: 25 May 2025

Citation: Han, Y.-R.; Park, D.; Han,

Y.-S.; Jung, J.-Y. Cost-Efficient Active

Transfer Learning Framework for

Object Detection from Engineering

Documents. Processes 2025, 13, 1657.

https://doi.org/10.3390/pr13061657

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Cost-Efficient Active Transfer Learning Framework for Object
Detection from Engineering Documents
Yu-Ri Han 1, Donghyun Park 2, Young-Suk Han 2 and Jae-Yoon Jung 1,2,*

1 Department of Industrial and Management Systems Engineering, Kyung Hee University, Yongin-si 17104,
Republic of Korea; glasshan914@gmail.com

2 Department of Big Data Analytics, Kyung Hee University, Yongin-si 17104, Republic of Korea;
pdh@khu.ac.kr (D.P.); ysjhan@khu.ac.kr (Y.-S.H.)

* Correspondence: jyjung@khu.ac.kr; Tel.: +82-31-201-2537

Abstract: Recently, engineering companies have started to digitise documents in image
form to analyse their meaning and extract important content. However, many engineering
and contract documents contain different types of components such as texts, tables, and
forms, which often hinder accurate interpretation by simple optical character recognition.
Therefore, document object detection (DOD) has been studied as a preprocessing step for
optical character recognition. Given the ease of acquiring image data, reducing annotation
time and effort through transfer learning and active learning has emerged as a key research
challenge. In this study, a cost-efficient active transfer learning (ATL) framework for
DOD is presented to minimise the effort and cost of time-consuming image annotation
for transfer learning. Specifically, three new sample evaluation measures are proposed
to enhance the sampling performance of ATL. The proposed framework performed well
in ATL experiments of DOD for invitation-to-bid documents. In the experiments, the
DOD model was trained on only half of the labelled images, but, in terms of the F1-score,
it achieved a similar performance as a DOD model trained on all labelled images. In
particular, one of the proposed sampling measures, ambiguity, showed the best sampling
performance compared to existing measures, such as entropy and uncertainty. The efficient
sample evaluation measures proposed in this study are expected to reduce the time and
effort required for ATL.

Keywords: document object detection; active transfer learning; sampling measure

1. Introduction
Recently, many manufacturing companies have digitised their engineering documents

for digital transformation [1–3]. However, when converting an image document into a
digital document using optical character recognition (OCR), many characters are often
interpreted inaccurately. Therefore, to improve the accuracy of character recognition, it
is recommended that document objects such as forms, tables, and texts be detected in
a document image before performing OCR [4–6]. This process is known as document
object detection (DOD) [5]. Recent research on DOD has explored layout-aware models to
effectively detect complex objects in engineering documents [7,8]. These approaches aim
to capture both the visual structure and semantic context of documents, enabling more
accurate and robust detection across varying layouts and formats.

In this study, we deal with the DOD of invitation-to-bid (ITB) documents, which
are solicitation documents that provide specifications for plant engineering projects for
prospective suppliers. ITB documents are issued by various client companies, and each
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company has a different ITB format. Therefore, a technique is required for extending a
trained DOD model to documents from other companies in a cost-effective manner. Transfer
learning is an effective technique for applying a machine learning model trained in a source
domain to a new target domain [9,10]. Using transfer learning, pretrained machine learning
models of a source domain can be reused and extended. Nonetheless, additional training
is still required to improve the accuracy of the pretrained models for a new domain. This
requires collecting new data and manually labelling them again, which is time-consuming
and costly.

Active learning is another useful technique for evaluating and sampling unlabelled
data using sample evaluation measures such as entropy and uncertainty, and it is expected
to be more effective for model fine-tuning [11,12]. Entropy is a measure of the unpre-
dictability of a probability distribution and is often used to quantify random uncertainty.
However, uncertainty in active learning encompasses both random and epistemic factors,
such as model confidence and knowledge gaps. Various uncertainty sampling methods,
such as ensemble-based estimation and Hierarchical Uncertainty Aggregation (HUA),
have been developed. In particular, HUA aggregates uncertainty at different levels by
considering bounding box attributes such as size and proximity to other objects [13]. In
diversity sampling, a hybrid approach combining cluster-based sampling and adaptive
representative sampling was proposed [14], and fine-grained sampling at the bounding
box level improved labelling efficiency by focusing on individual objects rather than image
levels [15]. Expected Error Reduction (EER) selects samples to minimise prediction error by
integrating uncertainty and density [16].

In this study, an active transfer learning (ATL) framework was introduced to effec-
tively apply a pretrained DOD model to a new target domain, as shown in Figure 1. Three
new sampling measures (difficulty, ambiguity, and sparsity) were proposed as sample eval-
uation measures for the ATL framework. In experiments, a DOD model pretrained on
the ITB documents of a Korean company was fine-tuned for the ITB documents of the
Philippine government.

Figure 1. DOD for ITB document images and its active transfer learning. Yellow and green boxes
represent text and table areas, respectively.

The experiments showed that, in terms of the F1-score, the DOD model fine-tuned
with only half of the labelled images could achieve performance comparable to that of the
model fine-tuned with all labelled images. In particular, of the three proposed measures
and two popular existing measures for active learning (entropy and uncertainty), the new
measure ambiguity evaluated the degree of class confusion in an image and performed the
best in evaluating document images in the ATL framework. These proposed sampling
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measures for ATL have been demonstrated to enable the training of accurate DOD models
with fewer samples within a shorter time.

Although many advanced object detection algorithms have recently been developed,
the availability of labelled data has become more critical than model performance due to
the ease of collecting large-scale image data. Therefore, the efficient sample evaluation
measures proposed in this study are expected to reduce the time and effort required for ATL.

The remainder of this paper is organised as follows. Section 2 introduces the frame-
work of active transfer learning for DOD. In Section 3, the three new sampling measures for
ATL are proposed in addition to the two existing popular measures. Experiments on ATL
for DOD documents are designed and conducted in Sections 4 and 5, respectively. Finally,
Section 6 concludes the paper and discusses future research.

2. Active Transfer Learning Framework
An ATL framework for a cost-effective DOD is shown in Figure 2. A DOD model

learned using the document images in a source domain was fine-tuned for a new target
domain. Potential bounding boxes and pseudo-classes, along with their confidences,
were derived from the unlabelled images in the target domain using the pretrained DOD
model. Using pseudo-labels, the unlabelled images were evaluated using sample evaluation
measures. The batch-mode active learning strategy was used to select the top-B images
with a high sampling score and label them manually to add them to the labelled set for
fine-tuning the DOD model. The updated labelled data were used to fine-tune the DOD
model for the target domain. The active learning process was repeated until the desired
model accuracy was achieved or the maximum number of samples was reached.

 

Figure 2. ATL framework for DOD.

The overall procedure of batch-mode ATL for DOD is described in Algorithm 1. The
algorithm starts with unlabelled target domain data (Dunlabel), and the DOD model is
pretrained with source domain data ( f s). The algorithm first transfers the weights of the
pretrained DOD model ( f s) to a new model for a target domain ( f t) and then initialises the
number of samplings and empty labelled data (lines 1 and 2). The batch-mode algorithm
repeatedly selects B samples until the maximum number of samples (T) or satisfactory
accuracy (A) is achieved. The algorithm pseudo-labels each image using f t and scores the
unlabelled images in the target domain using one of the sampling measures (lines 5 and 6)
introduced in Section 3. Top-B sample images with high scores are selected and manually
labelled to be added to the training set for fine-tuning f t. After fine-tuning the training set
again, the final DOD model tailored for the target domain is produced.
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Algorithm 1. Batch-mode Active Transfer Learning for Document Object Detection

input: unlabelled data (Dunlabel), pretrained DOD model in source domain ( f s), batch
size (B), maximum number of sampling (T), and satisfactory accuracy (A)

output: DOD model for target domain ( f t)
1: Initialize f t with the weights of f s

2: Initialize the number of samplings and a labeled set. t = 0 and Dlabel = ϕ

3: while t < T and Acc( ft) < A do
4: for each image Ii in Dunlabel do
5: Detect objects with their pseudo-classes and confidences from Ii using f t.

Oi = {(ok, ck, pk)}k ← f t( Ii)

6: Calculate the score of Ii using one of sampling measures.
scorei = measure(Oi)

7: end for
8: Dsel ← Select top-B samples with high score
9: Dlabel = Dlabel ∪ label

(
Dsel

)
10: Fine-tune ft with Dlabel and obtain the model accuracy Acc( ft)

11: Dunlabel = Dunlabel\Dsel

12: t = t + B
13: end while
14: return DOD model ft

3. Sampling Measures for Active Transfer Learning
By using sample evaluation measures, the priority of unlabelled data can be deter-

mined for the new labelling of ATL. Several sampling measures, such as entropy and
uncertainty, have been used in active learning. In this study, three additional measures
were proposed for the ATL of the DOD models.

Entropy [17] is a representative sampling measure used for active learning. It is used
to calculate the amount of information based on the information theory. This is because
samples with a greater uncertainty are more helpful for model learning. Equation (1)
represents the sum of the entropy values of all objects Oi that are detected in the i-th image,
and the entropy of the k-th object in the image, denoted as H(Ii, k), is calculated using
Equation (2), both of which are shown as follows:

entropyi = ∑
k∈Oi

H(Ii, k), (1)

H(Ii, k) = −pi,klog pi,k − (1− pi,k)log(1− pi,k), (2)

where Ii is the i-th image (i = {1, . . . , n}), and k is the index of the object detected in
the image. pi,k is the confidence of the k-th object detected in image i by the model
(k = {1, . . . , |Oi|}). It is recommended that an image with high entropy be labelled first.

Uncertainty [18] refers to the average uncertainty of all objects detected in an image.
In this study, the uncertainty of an object is calculated as one minus its confidence pi,k.
Equation (3) represents the evaluation of the average uncertainty of the detected object Oi

in the i-th image and is shown as follows:

uncertaintyi =
1
|Oi| ∑

k∈Oi

(1− pi,k) (3)

In this study, the following three new sampling measures are proposed: difficulty,
ambiguity, and sparsity. Difficulty is the total uncertainty of all objects Oi detected in the
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image; therefore, an image with a high total uncertainty is first sampled. Equation (4)
measures the sum of the uncertainties of the objects in the i-th image, as follows:

di f f icultyi = ∑
k∈Oi

(1− pi,k) (4)

Ambiguity measures the sum of the interaction over union (IoU) between two detec-
tions, where the model predicts the same object as different classes. If an object is predicted
to be a bounding box with different classes, the model is confused in classifying the target
object. It is recommended that an image with a high total ambiguity be labelled first.
Equation (5) measures the total ambiguity of the i-th image, where IoU(bk, bl) is the IoU
degree of the two bounding boxes that the model detects as different classes for the same
object in the image and is shown as follows:

ambiguityi = ∑
k,l∈Oi

IoU(bk, bl) (5)

Finally, sparsity preferentially selects an unlabelled image that contains many ob-
jects classified as the fewest pseudo-classes in the unlabelled set. In Equation (6),
count

(
Ii, class f ew

)
is the number of objects classified into the fewest pseudo-classes in

the image by the model. class f ew is the fewest pseudo-class with the smallest number of
objects classified into class in the unlabelled set, as shown in the following Equation (7):

sparsityi = count
(

Ii, class f ew

)
(6)

class f ew = argminc∈C
∑i count(Ii, c)

∑c ∑i count(Ii, c)
(7)

The three newly proposed measures differ from existing techniques as follows. The
difficulty measure, unlike the uncertainty measure, focuses on the total amount of uncer-
tainty that a sample has. In contrast, ambiguity, unlike other measures, evaluates the clarity
of bounding boxes by measuring IoU, while sparsity evaluates samples by focusing on only
one class that is the most difficult to identify. Although these measures fundamentally have
the same goal of improving classification and detection, they show different performance
experimentally because of different detailed goals and measurements.

In the experiments, all possible pairwise combinations of the five measures were
considered sampling measures in the ATL framework. To combine the two measures, each
was first standardised into a z-score, as shown in Equation (8). The z-score normalises a
measure m using its mean value µm and standard deviation σm as shown in the following
Equation (9):

score(sa, sb) = z-score(sa) + z-score(sb) (8)

z-score(sm) =
sm − µm

σm
(9)

4. Experimental Design
In this study, ITB document images from two domains were used to evaluate the

proposed ATL framework and sampling measures. The DOD model was first trained using
1250 ITB document images from a Korean engineering company (in the source domain).
The model was tested using the ATL framework to fine-tune 500 ITB document images
from the Philippine government (in the target domain). Of the 500 documents in the target
domain, 400 and 100 documents were used as training and test sets, respectively. The
400 images in the training set contained 196 forms, 263 tables, and 633 texts, whereas the
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100 images in the test set contained 53 forms, 72 tables, and 156 texts. In the experiments,
the training data were used for a five-fold cross validation.

The DOD model was developed using the Faster R-CNN algorithm [19] provided by
the torchvision module in PyTorch 1.12.1, and ResNet50 was used as the backbone. The
Adam optimiser was used, and the learning rate was set to 0.0001. The loss function was
loss_rpn_box_reg, and the maximum number of epochs was 100. The patience number for
early stopping was set as 10, and the sampling batch size was set as 50.

In addition, the active learning framework was implemented in Python 3.9 to conduct
experiments. The framework includes single sample evaluation measures such as entropy,
uncertainty, and ambiguity, as well as the joint measures of two measures.

This experiment was performed in a computing environment with an Intel Core
i7-10700K CPU (3.80 GHz), a 32 GB RAM, and an NVIDIA GeForce RTX 3070 GPU.

5. Experimental Results
The performance of each sample measure was evaluated in terms of the F1-score

with an increasing number of samples, as listed in Table 1. In this experiment, the three
sampling measures for the ATL framework (ambiguity, entropy, and sparsity) exhibited
good performance in terms of the F1-scores. In particular, the proposed ambiguity measure
outperformed two existing sampling measures, namely entropy and uncertainty. Another
proposed measure, sparsity, was also good, coming in third place.

Table 1. Average F1-scores by individual sampling measures with an increasing number of samples.
Bold indicates the best measure in each experiment.

Num. of
Selected
Samples

TL Using All
Samples
(n = 400)

ATL Using Selected Samples

Existing Sampling Measures Proposed Sampling Measures

ent uncrt diff ambig spar

50

0.884

0.741 0.721 0.753 0.695 0.719
100 0.807 0.779 0.797 0.836 0.822
150 0.815 0.814 0.787 0.845 0.845
200 0.885 0.839 0.827 0.883 0.849

Avg. 0.884 0.812 0.788 0.791 0.815 0.809

Rank 2 1 3

The performance of the sampling measures on the ATL framework was evaluated
using the average F1-score for the test set, as the number of additional labelled training
samples increased from 50 to 200 (half of the training set), as shown in Table 1. In each
experiment, the average F1-score of the model was measured over five repetitions, and the
F1-score was calculated using IoU = 0.5.

Among the five single-sampling measures, the ambiguity measure, which evaluates the
class confusion in an image, performed the best (F1 = 0.815) in terms of the average F1-score,
followed by sparsity (F1 = 0.812) and entropy (F1 = 0.809), as shown in Table 1. Specifically,
the DOD models of the ATL using ambiguity (F1 = 0.883) or entropy (F1 = 0.885) achieved
the same performance, using only 200 labelled samples, as the DOD model trained with all
400 labelled samples without active learning (F1 = 0.884). This implies that cost and time
can be saved by labelling only half of the unlabelled images in the ATL framework. Their
average F1-scores are shown in Figure 3.
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(a) Average precision (b) Average recall (c) Average F1-score 

Figure 3. Performances of single sampling measures with an increasing number of samplings.

Table 2 presents the results of the ATL experiments using all combinations of the two
sampling measures. When the number of samplings was increased to 200, the best average
performance was achieved using a combination of entropy and ambiguity (ent + ambi),
which are the two best measures among the individual measures. Their average F1-scores
are shown in Figure 4.

Table 2. Average F1-scores by combined sampling measures with an increasing number of samples.
Bold indicates the best measure in each experiment.

Num. of
Selected
Samples

ATL Using Samples Selected with Combined Sampling Measures

ent +
ambi

ent +
diff

ent +
spar

ent +
uncrt

diff +
ambi

diff +
spar

diff +
uncert

ambi +
spar

ambi +
uncrt

spar +
uncrt

50 0.706 0.758 0.739 0.732 0.689 0.737 0.738 0.712 0.729 0.748
100 0.807 0.801 0.831 0.769 0.820 0.820 0.818 0.820 0.767 0.846
150 0.849 0.818 0.814 0.848 0.842 0.836 0.872 0.855 0.864 0.843
200 0.864 0.859 0.860 0.848 0.862 0.876 0.861 0.856 0.836 0.865

Avg. 0.826 0.811 0.817 0.809 0.807 0.799 0.799 0.822 0.803 0.811

Rank 1 3 2

   
(a) Average precision (b) Average recall (c) Average F1-score 

Figure 4. Performances of combined sampling measures with an increasing number of samplings.

In addition, average F1-scores are presented in Table 3 and graphed in Figure 5 to
compare the performance of object detection by document components such as texts, tables,
and forms. Table objects showed high F1 scores from the beginning because they were easy
to detect due to the lines they contained, but for text and form objects, rapid performance
improvement was found as the number of samples increased.
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Table 3. Average F1-scores for three document components with an increasing number of samples.
Bold indicates the best measure in each experiment.

Num. of
Selected Samples

Text Table Form

ambi ent+ambi ambi ambi+spar ent ent+ambi

50 0.615 0.652 0.927 0.936 0.596 0.617
100 0.803 0.829 0.946 0.968 0.696 0.768
150 0.817 0.789 0.950 0.965 0.738 0.776
200 0.883 0.848 0.948 0.941 0.833 0.816

Avg. 0.780 0.780 0.943 0.953 0.716 0.744

   
(a) Text objects  (b) Table objects  (c) Form objects 

Figure 5. Average F1-scores for three document components with an increasing number of samplings.

6. Conclusions and Future Work
In this study, a cost-effective ATL framework was presented to fine-tune a pretrained

DOD model with new images in another domain. To this end, three new sampling measures
for active learning were proposed to efficiently sample unlabelled images, thereby reducing
the time and effort required for image labelling.

In the experiments, the pretrained DOD model for the ITB documents of a Korean
company (source domain) was transferred to the DOD model for the ITB documents of
the Philippine government (target domain). The experimental results showed that the
proposed ATL framework was cost-efficient because it could achieve good performance by
labelling only half of the training samples instead of using all the labelled images.

In particular, the newly proposed sampling measure ambiguity performed better
in terms of the F1-score on the ATL framework. This measure evaluates the degree of
class confusion in an image when a pretrained DOD model detects document objects
in a document image. In addition, the combination of two sampling measures, namely
ambiguity and entropy, can improve the sampling performance of the ATL framework.

Transfer learning is widely used in image processing, but it still requires too much time
and effort to annotate all unlabelled data for transfer learning. Therefore, the cost-effective
ATL method proposed in this study is expected to save time and cost. Additionally, this
study proposes new measures that surpass existing sampling measures for active learning.

This study evaluated the performance of the proposed sampling measures on ATL for
detecting three types of objects, text, form, and table, using the Faster R-CNN algorithm
for ITB documents stored as images. In addition to Faster R-CNN, this study requires
comparative experiments on various detection algorithms, such as Sparse R-CNN [20],
ViTDet [21], and YOLOv12 [22], in future studies. In addition to ITB documents, it is
necessary to verify the performance of the proposed sampling measures such as HUA and
EER on other types of engineering documents. Furthermore, this study focused on only
three components, text, form, and table, because the purpose was to extract structured text
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for OCR. However, in the future, more experimental research is needed on the detection
and additional processing of image components from engineering documents.
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