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a b s t r a c t 

Localizing document objects such as tables, figures, and equations is a primary step for extracting infor- 

mation from document images. We propose a novel end-to-end trainable deep network, termed Document 

Object Localization Network ( doln et), for detecting various objects present in the document images. The 

proposed network is a multi-stage extension of Mask r-cnn with a dual backbone having deformable 

convolution for detecting document objects with high detection accuracy at a higher IoU threshold. We 

also empirically evaluate the proposed doln et on the publicly available benchmark datasets. The pro- 

posed DOLNet achieves state-of-the-art performance for most of the bench-mark datasets under various 

existing experimental environments. 

Our solution has three important properties: (i) a single trained model doln et ‡ that performs well across 

all the popular benchmark datasets, (ii) reports excellent performances across multiple, including with 

higher IoU thresholds, and (iii) consistently demonstrate the superior quantitative performance by fol- 

lowing the same protocol of the recent works for each of the benchmarks. 

© 2023 Elsevier Ltd. All rights reserved. 
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. Introduction 

Rapid growth in information technology has led to an exponen- 

ial increase in the production and storage of digital document im- 

ges over the last few decades. Extracting information from such a 

arge corpus is impractical for humans. Hence, needful information 

ould be lost or unutilized over time. Digital documents have many 

bjects (such as tables, figures, equations, logos, and signatures) 

ther than text. All such objects are collectively termed as docu- 

ent object . These objects also show wide variations in their ap- 

earance. Therefore, any attempt to detect document objects must 

e generic and applicable across a wide variety of documents and 

se cases. Localizing document objects becomes challenging due to 

igh intra-class variability and inter-class similarity. 

In the past, the document objects, mainly tables, are lo- 

alized using metadata and semantic information present in 

he objects [1,2] . These methods failed to localize objects in 

canned documents due to metadata unavailability. Recently, sev- 

ral deep neural networks-based solutions have been available 

or localizing different document objects such as tables [3–

3] , figure & formula [14] and various objects [15,16] in doc- 

ments. Benchmark datasets — icdar-2013 [17] , icdar-pod- 

017 [15] , c td a r [18] , unlv [19] , d eep f igures [20] , p ub l ay n et [16] ,
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 armot [21] , t able b ank [7] , d og b ank [22] , and iiit-ar-13k [23] are

ublicly available for document object detection tasks. 

We observe from the literature that the recent existing meth- 

ds [5,12] provide state-of-the-art performance on many bench- 

ark datasets. However, these methods provide different trained 

odels corresponding to different datasets to achieve state-of- 

he-art performance. These methods need to provide a single 

odel that can achieve state-of-the-art performance on all existing 

enchmark datasets. Most methods [5,12,14,16] use a single thresh- 

ld value, commonly 0.5, for document object detection training. 

t could lead to a noisy document object detection at a higher 

hreshold during evaluation. Liu et al. [24] discuss that a Convo- 

ution Neural Network ( cnn ) based object detectors generally use 

 backbone network to extract features for detecting objects. These 

ackbones are usually designed for image classification and pre- 

rained on either ImageNet or ms-coco . Hence, the direct use of 

hese backbones may lead to sub-optimal performance on docu- 

ent object detection [3–8,11,14,16,25] . 

To address issues ((i) different trained models corresponding 

o different datasets to achieve state-of-the-art performance, (ii) 

ackbone designed for image classification and pre-trained on Im- 

geNet use to extract features for detecting document objects, and 

iii) exiting document object detectors commonly use a thresh- 

ld of 0.5, which leads to noisy detection and frequently degrades 

he performance for higher thresholds) mentioned above, we pro- 

ose a Document Object Localization Network , called as doln et, to 

etect objects more accurately present in document images. The 

https://doi.org/10.1016/j.patcog.2023.109698
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
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roposed doln et consists of a multi-stage object detection archi- 

ecture, cascade Mask r-cnn [26] . The cascade Mask r-cnn net- 

ork is composed of a sequence of detectors trained with in- 

reasing i o u thresholds to address the problem of noisy detec- 

ion at a higher threshold. Inspired by [24] , we use a compos- 

te backbone consisting of multiple identical backbones with com- 

osite connections between neighbor backbones to our doln et 

o improve detection accuracy. To model geometric transforma- 

ions, we also incorporate deformable convolution [27] in the 

ackbones. We extensively evaluate doln et on publicly available 

enchmark datasets — icdar-2013 , icdar-pod-2017 , unlv , Marmot, 

cdar-2019 (c td a r ), t able b ank and p ub l ay n et under various exist-

ng experimental environments. The extensive experiments show 

hat doln et achieves state-of-the-art performance on iiit-ar-13k 

or document object detection. In the case of only table detection, 

oln et achieves state-of-the-art performance on almost all exist- 

ng benchmark datasets. We also achieve high accuracy and tight 

ounding box detection at a higher IoU threshold than the previ- 

us benchmark results. 

We summarise our main contributions as follows: 

• Present an end-to-end trainable deep architecture, doln et 

which consists of c ascade m ask r-cnn containing composite 

backbones with deformable convolution to detect document 

objects more accurately. 
• Provide a single model trained on iiit-ar-13k and achieve very 

close competitive results to the state-of-the-art techniques on 

all existing benchmark datasets for table detection. 
• Achieve state-of-the-art results on iiit-ar-13k for detecting var- 

ious document objects. 
• Achieve state-of-the-art results on almost all publicly available 

benchmark datasets for table detection. 

This work extends several aspects of our published conference 

aper [13] . First, instead of localizing only tables, we localize sev- 

ral document objects such as tables, figures, mathematical equa- 

ions, signatures, and logos in the documents. Secondly, we con- 

uct extensive experiments to validate the effectiveness of our 

odel. Thirdly, we provide a more insightful discussion regarding 

ocument object detection tasks. Finally, we draw several impor- 

ant conclusions and highlight several promising future directions. 

The rest of the article is organized as follows. Section 2 briefly 

iscusses the related work. The proposed doln et: Document Object 

ocalization Network is presented in Section 3 . Detail on experi- 

ents is presented in Section 4 . We analyze the obtained results 

n Section 5, Section 6 and Section 7 . Finally, we make conclusive 

emarks in Section 8 . 

. Related work 

Like text, other document objects such as tables, figures, equa- 

ions, signatures, and logos are also essential components in the 

ocument. Detecting such document objects is a fundamental step 

or document understanding. Over time, various algorithms have 

een proposed in the literature to solve the problems (particularly 

able detection). Initially, methods are developed depending on 

euristics or metadata information. Such methods provide mainly 

recise solutions depending on the characteristics of documents. 

ater machine learning and deep learning are applied to obtain 

ore generic solutions independent of the nature of the document. 

xisting work on this problem can be broadly divided into two cat- 

gories — (i) Rule-based Techniques and (ii) Learning-based Tech- 

iques. 
2

.1. Rule-based techniques 

Document object, mainly table detection, was started by 

tonori [1] in 1993 using heuristic rules leading to text block ar- 

angement and text line position for locating tables in documents. 

handran et al. [28] localized tables by extracting all vertical and 

orizontal lines. The authors detect tables using white stream 

ecognition in vertical and horizontal directions in the missing row 

nd column separator lines. 

Following these works, several table detection ap- 

roaches [29] have been developed using improved heuristic 

ules. Shafait and Smith [30] detect tables in the document using a 

ayout analysis of Tesseract [31] with tab-stops indicating where a 

ext block starts and ends. Mandal et al. [32] identify table regions 

y analyzing distinct columns in which the gaps between fields 

re more significant than the gaps between words in the text line. 

n the same direction, Zhang et al. [33] extract tables from Chinese 

nk documents using row-column heuristics. Table detection based 

n multi-clue heuristic is proposed in [34] . Though these methods 

erform well on documents with limited layouts, they need more 

anual effort to find better heuristic rules. Moreover, rule-based 

pproaches need to obtain generic solutions. Therefore, it is nec- 

ssary to develop machine-learning strategies to solve the table 

etection problem. 

.2. Learning-based techniques 

Machine learning alleviates the rule-based approaches for docu- 

ent object detection issues mentioned above. Kieninger and Den- 

el [35] used bottom-up clustering of given word segments to rec- 

gnize table regions in documents. Later, table detection problems 

re solved by different machine learning algorithms. Silva [36] for- 

ulates table detection as a sequence labeling problem and solves 

t using Hidden Markov Models. Kasar et al. [37] detect table utiliz- 

ng the intersection of lines and various hand-crafted features with 

 Support Vector Machine ( svm ). Fan and Kim [38] ensemble of a 

ecision of multiple classifiers n aive b ayes, logistic regression and 

vm to detect a table region. In [39] , page objects are extracted us- 

ng the AdaBoost cascade of weak classifiers and Haar-like features. 

earning methods improve table detection accuracy significantly. 

The great success of deep cnn s in computer vision motivates 

o development of several algorithms for detecting document ob- 

ects. Augusto et al. [40] develop an algorithm based on Fast r- 

nn [41] for extracting the layout of a document. Successively, sev- 

ral approaches using Faster r-cnn [42] are proposed for table de- 

ection [3–9] , table detection and data extraction [43] , figure and 

ormula detection [14] , document object detection [15] and docu- 

ent layout analysis [16] . Mask r-cnn [44] is used for figure and 

ormula detection [14] , table detection [10,11] , document object de- 

ection [16] . Similarly, yolo [45] for table detection [11] ; cascade 

ask r-cnn in cascade t ab n et [12] , cd e c-n et [13] , and Graph Neu-

al Network ( gnn ) [46] for table detection in document images ex- 

st in the literature. All these methods are data-driven without re- 

uiring any heuristics or metadata, robust to document types, lay- 

uts, and reduce the efforts of hand-crafted feature engineering 

n cnn s. Fully Convolutional Network ( fcn ) for table detection and 

ecognition [47] . 

Gilani et al. [3] used the Faster r-cnn model to detect tables 

n document images. Instead of the original document image, the 

istance-transformed image is input to fine-tune the pre-trained 

odel to work on document datasets effortlessly. In the same 

irection, the transformed document image is taken as input to 

aster r-cnn model for detecting tables in [6] ; and figures and 

athematical equations in [14] present in document images. Saha 

t al. [10] experimentally established that Mask r-cnn performs 

etter than Faster r-cnn for detecting graphical objects in docu- 
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ents. Similarly, Zhong et al. [16] also experimentally established 

hat Mask r-cnn outperforms Faster r-cnn for extracting semantic 

egions from documents. 

It is observed that each detection method is sensitive to a spe- 

ific type of object. In [11] , the authors discuss the benefit of fine-

uning from a close domain on four different object detection mod- 

ls — Mask r-cnn [44] , r etina n et [48] , ssd [49] and yolo [45] .

he experiments highlight that the accuracy improvement and the 

lose domain fine-tune approach avoid over-fitting and solve a 

mall training set. In the same direction, Li et al. [50] investi- 

ate cross-domain document object detection where a detector is 

rained to detect objects in the target domain using only labeled 

ata from the source domain. 

Performance of Faster r-cnn is reduced when the document 

ontains large-scale variate tables. Siddiqui et al. [5] incorporate 

eformable cnn in Faster r-cnn to adapt to different scales and 

ransformations, which allow the model to detect table accurately. 

un et al. [8] combined corner information with the detected ta- 

le region by Faster r-cnn to refine the detected table’s bound- 

ry, reducing false positives. While Prasad et al. [12] propose a 

ascade t ab- n et to solve two sub-problems — table detection and 

ell detection in a single framework which improves the detection 

ccuracy. Riba et al. [46] propose a table detection technique using 

nn to learn the inherent structure present in the table and obtain 

mproved accuracy. In the recent work, Ma et al. [51] use Corner- 

et as a new region proposal network to generate higher-quality 

able proposals for Faster R-CNN for detecting tables in heteroge- 

eous document images. Due to the use of a higher-quality region 

roposal, the proposed approach has significantly improved the lo- 

alization accuracy of Faster R-CNN for table detection. 

In most detection algorithms [42,44] , the Intersection over 

nion (IoU) threshold is frequently used to define posi- 

ives/negatives. Most of the existing document object detection 

ethods used this threshold to determine output quality. While 

ost of them used the threshold of 0.5, which leads to an inac- 

urate bounding box of the document object, and detection perfor- 

ance frequently degrades for more significant thresholds (more 

han 0.5). Information extraction from the document objects re- 

uires an accurate bounding box for further analysis. 

. DOLNet: Document object localization network 

The success of deep Convolution Neural Networks ( cnn s) for 

olving various computer vision problems inspire researchers to 

xplore and design models for detecting objects (mainly tables) in 

ocument images [3–8,10,11,14,16] . All these deep models provide 

igh detection accuracy. However, all these models suffer from the 

ollowing shortcomings — (i) all existing document object detec- 

ion networks use a backbone to extract features for detecting doc- 

ment objects that are usually designed for image classification 

asks and pre-trained on i mage n et dataset. Since almost all of the 

xisting backbone networks are originally designed for the image 

lassification task, directly applying them to extract features for 

ocument object detection may result in sub-optimal performance. 

 more powerful backbone is needed to extract more representa- 

ional features and improve detection accuracy. 

However, it is very expensive to train a deeper and more pow- 

rful backbone on i mage n et and get better performance. (ii) cnn s 

ave limitations modeling large transformations due to fixed ge- 

metric module structures — a convolution filter samples the in- 

ut feature map corresponding to a fixed location, a pooling layer 

educes the spatial resolution at a fixed ratio and an RoI into a 

xed spatial bin. It leads to the lack of handling of the geometric 

ransformations. (iii) All these document object detectors use the 

ntersection over Union (IoU) threshold to define positives, neg- 

tives, and detection quality. They commonly use a threshold of 
3

.5, which leads to noisy (low-quality) detection and frequently 

egrades the performance for higher thresholds. The major hin- 

rance in training a network at a higher IoU threshold is reducing 

ositive training samples with an increasing IoU threshold. These 

ssues are also a bottleneck of cnn s based object detection tech- 

iques [41,42,44] in natural scene images. 

Over time, various solutions [24,26,27] are proposed to handle 

he above-stated problems for object detection in natural images. 

ie et al. [24] proposed a cbn et that stacks multiple identical back- 

ones by creating composite connections between them. It helps 

n creating a more powerful backbone for feature extraction with- 

ut much additional computational cost. Dai et al. [27] introduced 

eformable convolution in the object detection network to make 

t more scale-invariant. It captures the features using a variable 

eceptive field and makes detection independent of the fixed ge- 

metric transforms. Cai and Vasconcelos [26] proposed a multi- 

tage object detection architecture in which subsequent detectors 

re trained with increasing IoU thresholds to solve the last prob- 

em. The output of one detector is fed as an input to the sub- 

equent detector, maintaining the number of positive samples at 

igher thresholds. 

Inspired by the solutions provided by [24,26,27] for issues dis- 

ussed earlier in natural scene images, we propose a novel archi- 

ecture doln et for detecting document objects accurately in the 

ocuments. It comprises a c ascade m ask r-cnn with a composite 

ackbone having deformable convolution filters instead of conven- 

ional convolution filters. Fig. 1 displays an overview of our pro- 

osed architecture for document object localization in document 

mages. We discuss each component of doln et in detail: 

.1. Cascade mask R-CNN 

Cai and Vasconcelos [26] proposed Cascade r-cnn a multi-stage 

xtension of Faster r-cnn [42] . Cascade Mask r-cnn has a sim- 

lar architecture as Cascade r-cnn , but along with an additional 

egmentation branch, denoted by ’ s ’, for creating masks of the 

etected objects. doln et comprises a sequence of three detectors 

rained with increasing IoU thresholds of 0.5, 0.6, and 0.7, respec- 

ively. The proposals generated by the rpn network are passed 

hrough the RoI pooling layer. The network head takes RoI features 

s input and makes two predictions — classification score ( c ) and 

ounding box regression ( b ). The output of one detector is used 

s a training set for the next detector. The deeper detector stages 

re more selective against close false positives. Rather than the 

nitial distribution, each regressor is optimized for the bounding 

ox distribution generated by the previous regressor. The bound- 

ng box regressor trained for a certain IoU threshold tends to pro- 

uce higher IoU threshold bounding boxes. It helps in re-sampling 

n example distribution of a higher IoU threshold and uses it to 

rain the next stage. Hence, it results in a uniform distribution of 

raining samples for each stage of detectors, enabling the network 

o train on higher IoU threshold values. 

.2. Composite backbone 

We use a dual backbone-based architecture [24] which creates a 

omposite connection between the parallel stages of two adjacent 

 es n e x t-101 backbones (one called the assistant backbone and the 

ther called lead backbone). The high-level output features of the 

ssistant backbone are fed as input to the corresponding stage of 

he lead backbone. In a conventional network, the output (denoted 

y x l ) of previous l − 1 stages is fed as input to the l th stage, given

y: 

 

l = F l (x 

l − 1) , l ≥ 2 . (1) 

here F l (. ) is a non-linear transformation operation of l th stage. 

owever, our network takes input from previous stages and the 
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Fig. 1. Illustration of the proposed doln et composed of Cascade Mask r-cnn with composite backbone having deformable convolution instead of conventional convolution. 
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Fig. 2. Illustration of the deformable convolution. The offsets are obtained by ap- 

plying a convolutional layer over the input feature map. 
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arallel stage of the assistant backbone. For a given stage l of the 

ead backbone ( lb), input is a combination of the output of previ- 

us l − 1 stages of the lead backbone and parallel l th stage of the

ssistant backbone ( b), given by: 

 

l 
lb = F l lb (x 

l−1 
k 

+ q (x 

l 
b )) , l ≥ 2 , (2) 

here q (. ) represents composite connection. It helps the lead 

ackbone to take advantage of the features learned by the assis- 

ant backbone. Finally, the output of the lead backbone is used for 

urther processing in the subsequent network. 

.3. Deformable convolution 

The commonly used backbone, r es n e x t architectures, have con- 

entional convolution operation, in which the effective receptive 

eld of all the neurons in a given layer is the same. The grid points

re generally confined to a fixed 3 × 3 or 5 × 5 square receptive 

eld. It performs well for layers at the lower hierarchy. Still, when 

he objects appear at arbitrary scales and transformations, gener- 

lly at a higher level, the convolution operation does not perform 

ell in capturing the features. We replace the fixed receptive field 

nn with deformable cnn [27] in each of our dual backbone archi- 

ectures. The grid is deformable as each grid point can be moved 

y a learnable offset. In a conventional convolution, we sample 

ver the input feature map x using a regular grid R , given by 

 (p 0 ) = 

∑ 

p n ∈ R 
w (p n ) x (p 0 + p n ) . (3)

hereas in a deformable convolution, for each location p 0 on the 

utput feature map z , we augment the regular grid using the offset 

p n such that { �p n | n = 1 , ..., N} , where N = | R | , given by 

 (p 0 ) = 

∑ 

p n ∈ R 
w (p n ) x (p 0 + p n + �p n ) . (4)

Deformable convolution is operated on R, with each point aug- 

ented by a learnable offset �p n . The offset value, �p n , is a

rainable parameter. It helps to enable each neuron to alter its 

eceptive field based on the preceding feature map by creating 

n explicit offset. It makes the convolution operation agnostic for 

arying scales and transformations. The deformable convolution is 

hown in Fig. 2 . 
4 
.4. Loss function 

At each stage t , the proposed doln et head includes a classifier 

 t (C in Fig. 1 ) and a bounding box regressor f t (B in Fig. 1 ). The

lassifier and regressor are optimized for the corresponding IoU 

hreshold u t , where u t > u t−1 . The parameters of the classifier and

egressor are learned with the loss function defined as 

 (x 

t , g) = L cls (h t (x 

t ) , y t ) + λ[ y t ≥ 1] L loc ( f t (x 

t , b 

t ) , g ) , (5)

here b 

t = f t−1 (x t−1 , b 

t−1 ) , g is the ground truth document ob-

ect for the document image patch x t , λ = 1 is the trade-off coeffi- 

ient, y t is the label of x t under the IoU threshold u t , and according

o [27] , [ ·] is the indicator function. L cls and L loc are classification

nd bounding box regression losses. The use of [ ·] implies that the 

oU threshold u of bounding box regression is identical to that used 

or classification. This cascade learning has three important conse- 

uences for detector training. First, the potential for over-fitting at 

arge IoU thresholds u is reduced since positive examples become 

lentiful at all stages. Second, detectors of deeper stages are op- 

imal for higher IoU thresholds. Third, because some outliers are 

emoved as the IoU threshold increases, the learning effectiveness 
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Table 1 

Shows the statistics of used data sets for the experiments. T: table, F: figure, E: 

equation, NI: natural image, L: logo, S: signature, TL: title, TT: text, LT: list, AT: ab- 

stract, ACK: acknowledgment, AN: affiliation, AR: author, B: bibliography informa- 

tion, BY: body, CT: conflict statement, CR: copyright, CE: correspondence, D: dates, 

ER: editor, GY: glossary, KS: keywords, PN: page number, R: references, TA: title 

author, TE: type, U: unknown, C: caption, p: paragraph, SN: section and FR: footer. 

Dataset Category Training Validation Test 

Label Set Set Set 

icdar-2013 [17] 1: T - - 238 

icdar-pod-2017 [15] 3: T, F and E 1600 817 

unlv [19] 1: T - - 424 

m armot [21] 1: T 2K - - 

icdar-2019 [18] 1: T 1200 439 

iiit-ar-13k [23] 5: T, F, NI, L and S 9K 2K 2K 

d eep f igures a [20] 2: T and F 5.5M - - 

t able b ank-word a [7] 1: T 163K 1K 1K 

t able b ank- l a t e x a [7] 1: T 253K 1K 1K 

t able b ank-both a [7] 1: T 417K 2K 2K 

p ub l ay n et a [16] 5: T, F, TL, TT and LT 340K 11K 11K 

d oc b ank a [22] 12: AT, AR, C, E, F, FR, 400K 50K 50K 

LT, P, R, SN, T and TL 

a Ground truth bounding boxes are annotated automatically. 
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f bounding box regression increases in the later stages. It simul- 

aneous improvement of hypotheses and detector quality enables 

he doln et to beat the paradox of high-quality document object 

etection. At inference, the same cascade is applied. The quality of 

he hypotheses is improved sequentially, and higher-quality detec- 

ors are only required to operate on higher-quality hypotheses, for 

hich they are optimal. 

Classification: 

The classifier is a function h (x ) that assigns a document im- 

ge patch x to one of M + 1 document object classes, where class

 contains background and the remaining classes of the document 

bjects to detect. h (x ) is a M + 1 -dimensional estimate of the pos-

erior distribution over classes, i.e., h k (x ) = p(y = k | x ) , where y is

he class label. Given a training set (x i , y i ) , it is learned by mini-

izing the classification risk 

 cls [ h ] = 

∑ 

i 

L cls ( h ( x i , y i ) ) , (6) 

here 

 cls (h (x ) , y ) = −log[ h y (x )] (7) 

s the cross-entropy loss. 

Bounding Box Regression: 

A bounding box b = (b x , b y , b w 

, b h ) contains the four coordi-

ates of a document image patch x . Bounding box regression aims 

o regress a candidate bounding box b into a target bounding box g 

sing a regressor f (x , b ) . This is learned from a training set (g i , b i ) ,

y minimizing the risk 

 loc [ f ] = 

∑ 

i 

L loc ( f (x i , b i ) , g i ) . (8)

According to the work [41] , 

 loc (a , b ) = 

∑ 

i ∈{ x,y,w,h } 
S(a i − b i ) , (9) 

here 

(x ) = 

{
0 . 5 x 2 , if | x | < 1 

| x | − 0 . 5 , otherwise , 
(10) 

s the smooth function. 

.5. Implementation details 

We implement doln et in Pytorch using mm detection tool- 

ox [52] . We use nvidia g e f orce rtx 2080 t i gpu with 12 gb mem-

ry for our experiments. We use pre-trained r es n e x t-101 (with

locks 3, 4, 23, and 3) on ms-coco with fpn as the network 

ead. We train doln et with document images scaled to 1200 × 800 

hile maintaining the original aspect ratio as the input. We use 

.00125 as an initial learning rate with a learning rate decay at 25 

poch and 40 epoch. We use 0.0033 as the warm-up schedule for 

he first 500 iterations. doln et is trained for 50 epochs. However, 

or larger datasets such as p ub l ay n et and t able b ank, the model is

rained for 8 epochs in total with learning rate decay at 4 epochs 

nd 6 epochs. In the case of fine-tuning, we use 12 epochs in to- 

al. Our model uses three IoU threshold values — 0.5, 0.6, and 0.7. 

e use 0.5, 1.0, and 2.0 as anchor ratios with a single anchor scale

f 8. We set the batch size to 1 during training and 512 RoIs per

ocument image. The source code is available at 1 . 
1 https://github.com/mdv3101/CDeCNet 

 

R

5 
. Experimental setting 

.1. Dataset 

We use publicly available benchmark datasets — icdar 2013 ta- 

le competition (i.e., icdar-2013 ) dataset [17] , icdar 2017 compe- 

ition on page object detection (i.e., icdar-pod-2017 ) dataset [15] , 

cdar 2019 competition on table detection and recognition (i.e., 

 td a r ) dataset [18] , unlv [19] , d eep f igures [20] , p ub l ay n et [16] ,

 armot table recognition dataset [21] , t able b ank [7] , gro-

oap2 [53] , d oc b ank [22] and iiit-ar-13k [23] for document object 

etection task. 

Table 1 shows statistics of the used dataset. We observe 

rom the table that datasets (except icdar-pod-2017 , d eep f igures, 

 ub l ay n et, grotoap2 and d oc f igure) containing only one object

ategory (e.g., table), are subsets of iiit-ar-13k dataset (contain- 

ng five object categories). While d eep f igures is the largest dataset, 

he ground truths are automatically annotated. On the other hand, 

iit-ar-13k is the manually annotated largest dataset. Fig. 3 shows 

ample page images of the existing datasets. In [23] , Mondal 

t al. establish the effectiveness of iiit-ar-13k dataset over larger 

atasets (e.g., t able b ank and p ub l ay n et for localization of tables in

ocument images. 

.2. Evaluation measures 

We use various popular existing measures — Precision, Recall, F- 

easure, and mean Average Precision (m ap ) to evaluate the perfor- 

ance of the proposed techniques for localizing document objects. 

e define True Positive ( tp ), False Positive ( fp ), and False Negative

 fn ) to calculate precision, recall, and f-measure. We use the con- 

ept of Intersection over Union (IoU), which computes intersection 

ver the union of the two bounding boxes — the bounding box for 

he ground truth and the predicted bounding box of an object cat- 

gory. 

• TP: if IoU ≥ T h , we classify the detected object as True Positive 

( tp ). 
• FP: if IoU < T h , we classify the detected object as False Positive 

( fp ). 
• FN: when ground truth is present in the image and model fails 

to detect the object, we classify it as False Negative ( fn ). 

Here T h ∈ [0 . 5 , 0 . 95] is a pre-defined i o u threshold. Precision,

ecall, F-measure and Average Precision are defined as 

https://github.com/mdv3101/CDeCNet
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Fig. 3. Shows sample page images of publicly available benchmark datasets — (a) icdar-2013 , (b) icdar-pod-2017 , (c) icdar-2019 , (d) unlv , (e) m armot, (f) p ub l ay n et, (g) 

t able b ank, (h) grotoap2 , (i) d oc b ank, and (j) iiit-ar-13k . 
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• P recision = 

T P 
T P+ F P . 

• Recall = 

T P 
T P+ F N . 

• F − measure = 

2 .Precision.Recall 
Precision + Recall 

. 
• Average Precision (AP): We average precision at a set of 11 

spaced recall points (0, 0.1, 0.2,., 1) where we interpolate the 

corresponding precision for a certain recall value r by taking 

the maximum precision whose recall value ̃  r > r. 

AP = 

1 

11 

∑ 

r∈{ 0 , 0 . 1 , 0 . 2 ,., 1 } 
p interp (r) , (11) 

where p interp (r) = max ˜ r >r 
p( ̃  r ) . 

• mean Average Precision (mAP): We average ap s corresponding 

to all object categories present in a document. 

We use two strategies to calculate all these measures. 

Strategy-A: We use a single value of Intersection over 

nion ( IoU ) threshold of 0.5 to calculate all these values. 

Strategy-B: We use multiple values of (IoU) thresholds of 

.50:0.05:0.95 to calculate all these values. We average all these 

easures over multiple values of (IoU) thresholds. Precision, Re- 

all, F-measure, and ap are averaged over multiple i o u values. 

For a fair comparison, we evaluate the proposed doln et on the 

ame i o u threshold values as mentioned in the respective existing 

orks. We perform multi-scale testing at 7 different scales (with 

 smaller scales, original scale, and 3 larger scales). We select de- 

ection output as a final result if it presents at least 4 test cases 

ut of 7 scales. It helps to eliminate false positives and provides 

onsistent results. 

. Object detection and fine tuning 

.1. Document object detection 

We explore doln et for detecting various objects (e.g., ta- 

le, figure, natural image, logo, signature, mathematical equation, 

tc.) present in documents. We use existing benchmark datasets 

 ub l ay n et and iiit-ar-13k to evaluate the performance of doln et

or detecting various document objects. 
6

Comparison with State-of-the-Arts on PubLayNet: 

Table 2 shows performance comparison between doln et with 

he state-of-the-art methods f-rcnn [16] and m-rcnn [16] for de- 

ecting various document objects. We observe that among exist- 

ng techniques, m-rcnn performs better than f-rcnn . The models 

erform worst on titles as the title appears less in the document 

han in other categories. doln et performs better than the existing 

echniques on table, figure, and list categories. doln et obtains 1 . 8% ,

 . 6% , and 3 . 6% better than m-rcnn on a table, figure, and list, re-

pectively. Those object categories have more regular shapes and 

ore distinctive differences from other object categories. 

Comparison with State-of-the-Arts on IIIT-AR-13K: 

We provide performance comparison between doln et and the 

tate-of-the-art techniques Mask r-cnn [23] in Table 3 . doln et ob- 

ains better detection accuracy for all categories of objects than 

ask r-cnn . Among all categories, doln et obtains the highest 

 3 . 82% ) improved detection result on the logo category than other 

ategories. Since doln et uses a dual backbone with a deformable 

onvolutional filter, it can handle document objects of various 

cales. 

.2. Table detection 

In this section, we discuss the obtained results of table localiza- 

ion in documents using the existing techniques and the proposed 

oln et. We train the models using training images with a single 

ategory to localize tables in the test documents. We follow a sim- 

lar training procedure used in the existing techniques to localize 

ables in the respective datasets. We compare the performance of 

oln et on table detection task with state-of-the-art methods for 

ndividual datasets. 

Comparison with State-of-the-Arts on ICDAR-2013: 

We compare the results using doln et with state-of-the-art 

echniques on icdar-2013 . We follow the same training procedures 

sed in each of the existing training methods and evaluate our 

oln et on icdar-2013 . Table 4 shows the comparison with state- 

f-the-art techniques. The table shows that each method uses a 

ifferent training procedure to detect tables in documents. Under 
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Table 2 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on p ub l ay n et dataset. TL: title, TT: text, LT: list, T: 

table, F: figure, Ave.: average, #: no. of images. Values in bold indicate the best results. 

Training Validation IoU Score (mAP) ↑ 
Method Dataset # Dataset # TT TL LT T F Ave. 

F-RCNN [16] PubLayNet 340K PubLayNet 11K [0.50:0.95] 0.910 0.826 0.883 0.954 0.937 0.902 

M-RCNN [16] PubLayNet 340K PubLayNet 11K [0.50:0.95] 0.916 0.840 0.886 0.960 0.949 0.910 

DOLNet PubLayNet 340K PubLayNet 11K [0.50:0.95] 0.844 0.663 0.929 0.978 0.977 0.878 

Table 3 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on iiit-ar-13k dataset. T: table, F: figure, NI: 

natural image, L: logo, S: signature, Ave.: average and #: no. of images. Values in bold indicate the best results. 

Training Test IoU Score (mAP) ↑ 
Method Dataset # Dataset # T F NI L S Ave. 

Mask R-CNN [23] IIIT-AR-13K 9K IIIT-AR-13K 2K 0.5 0.965 0.869 0.895 0.469 0.912 0.822 

DOLNet IIIT-AR-13K 9K IIIT-AR-13K 2K 0.5 0.982 0.872 0.929 0.851 0.989 0.925 

Table 4 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on icdar-2013 dataset. A: anchor optimization, PG: post- 

processing technique, SF: semantic features, D1: Marmot+ unlv + icdar-pod-2017 , ∗: the authors reported 0.996 in table however in discussion 

they mentioned 0.994. #: no. of images. Values in bold indicate the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
d e cnt [5] d 1 4808 - - icdar -2013 238 0.5 0.996 ∗ 0.996 ∗ 0.996 ∗ - 

doln et d 1 4808 - - icdar -2013 238 0.5 1.000 1.000 1.000 1.000 

god [10] Marmot 2K - - icdar -2013 238 0.5 1.000 0.982 0.991 - 

doln et Marmot 2K - - icdar -2013 238 0.5 1.000 0.981 0.991 0.995 

f-rcnn [16] p ub l ay n et 340K icdar -2013 170 icdar -2013 238 0.5 0.964 0.972 0.968 

m-rcnn [16] p ub l ay n et 340K icdar -2013 170 icdar -2013 238 0.5 0.955 0.940 0.947 - 

doln et p ub l ay n et 340K icdar -2013 170 icdar -2013 238 0.5 0.968 0.987 0.977 0.959 

yolo v3 + a + pg [54] icdar -2017 1.6K - - icdar -2013 238 0.5 0.949 1.000 0.973 - 

doln et icdar -2017 1.6K - - icdar -2013 238 0.5 1.000 1.000 1.000 1.000 

Khan et al. [55] Marmot 2K icdar -2013 204 icdar -2013 34 0.5 0.901 0.969 0.934 - 

t able n et + sf [47] Marmot 2K icdar -2013 204 icdar -2013 34 0.5 0.963 0.970 0.966 - 

d eep d e srt [4] Marmot 2K icdar -2013 204 icdar -2013 34 0.5 0.962 0.974 0.968 - 

doln et Marmot 2K icdar -2013 204 icdar -2013 34 0.5 1.000 1.000 1.000 1.000 

m-rcnn [11] Pascel voc 16K icdar -2013 178 icdar -2013 60 0.6 0.770 0.140 0.230 - 

r etina n et [11] Pascel voc 16K icdar -2013 178 icdar -2013 60 0.6 0.580 0.560 0.570 - 

ssd [11] Pascel voc 16K icdar -2013 178 icdar -2013 60 0.6 0.680 0.540 0.600 - 

yolo [11] Pascel voc 16K icdar -2013 178 icdar -2013 60 0.6 0.580 0.920 0.750 - 

doln et Pascel voc 16K icdar -2013 178 icdar -2013 60 0.6 0.844 1.000 0.922 0.844 

m-rcnn [11] t able b ank 199K icdar -2013 178 icdar -2013 60 0.6 0.970 0.700 0.810 - 

r etina n et [11] t able b ank 199K icdar -2013 178 icdar -2013 60 0.6 0.770 0.830 0.800 - 

ssd [11] t able b ank 199K icdar -2013 178 icdar -2013 60 0.6 0.680 0.620 0.650 - 

yolo [11] t able b ank 199K icdar -2013 178 icdar -2013 60 0.6 0.650 1.000 0.780 - 

doln et t able b ank 199K icdar -2013 178 icdar -2013 60 0.6 0.933 1.000 0.967 0.933 
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ach training procedure, our doln et obtains the best results com- 

ared to the existing techniques. Our proposed model obtains (F1 

core 1.0) better results than state-of-the-art technique — decnt 

with F1 score 0.996) for detecting table in icdar-2013 . We have 

any trained ( doln et) models under the various training proce- 

ures corresponding to the existing works. 

Comparison with State-of-the-Arts on ICDAR-POD-2017: 

Table 5 shows the comparison results on icdar-pod-2017 

ith the existing techniques. We observe from the table that 

olo v3 ‡ + a + p [54] obtains (F1 scores 0.975 and 0.971) the state-

f-the-art performance on icdar-pod-2017 for both threshold val- 

es 0.6 and 0.8, respectively. This particular technique uses yolo 

ith anchor optimization and post-processing to detect tables, 

hich obtains the best results for this dataset. The proposed cd e c- 

 et, without any post-processing, obtains comparable outputs (F1 

cores 0.954 and 0.947) for thresholds 0.6 and 0.8, respectively. 

Comparison with State-of-the-Arts on ICDAR-2019: 

The performance of the proposed doln et is compared with 

tate-of-the-art techniques on icdar-2019 and reported in Table 6 . 
7

tate-of-the-art method t able r adar [18] obtain the best F1 score 

.945 on IoU threshold 0.8. Our doln et obtain the best F1 score 

.913 on IoU threshold 0.9. The result shows that doln et is more 

obust than the state-of-the-art method t able r adar [18] . In the set-

ing of the model trained with Pascal voc and t able b ank- latex and

ne-tuned with archive images, doln et obtains the best results (F1 

cores 0.971 and 0.954, respectively which are better (0.041 and 

.004) than the state-of-the-art method yolo [11] ) on archive im- 

ges. 

Comparison with State-of-the-Arts on UNLV: 

Table 7 presents the comparison results between doln et and 

tate-of-the-art methods under the various experimental environ- 

ents. In a practical environment like - training with m armot, fine- 

uning with unlv and test on unlv , our doln et obtains the best 

esult (F1 score 0.938), which is 0.010 more than god [10] result 

F1 score 0.928). While the model trained with unlv and tested 

n unlv , our doln et also obtains the best result (F1 score 0.910) 

s compared to state-of-the-art technique Gilani et al. [3] (F1 score 

.863). 
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Table 5 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on icdar-pod-2017 . A: anchor optimization. P: post- 

processing. D2: icdar-2013 + icdar-pod-2017 + unlv +Marmot. ‡ : model trained with multiple object categories. #: no. of images. Values in bold 

indicates the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
f ast d etectors ‡ [15] icdar -2017 1600 - - icdar -2017 817 0.6 0.940 0.903 0.921 0.925 

pal 
‡ [15] icdar -2017 1600 - - icdar -2017 817 0.6 0.953 0.968 0.960 0.933 

god 
‡ [10] icdar -2017 1600 - - icdar -2017 817 0.6 - - 0.971 0.989 

dsp-sc 
‡ [36] icdar -2017 1600 - - icdar -2017 817 0.6 0.962 0.974 0.968 0.946 

yolo v3 ‡ + a + p [54] icdar -2017 1600 - - icdar -2017 817 0.6 0.972 0.978 0.975 - 

doln et ‡ icdar -2017 1600 - - icdar -2017 817 0.6 0.931 0.977 0.954 0.920 

f ast d etectors ‡ [15] icdar -2017 1600 - - icdar -2017 817 0.8 0.915 0.879 0.896 0.884 

pal 
‡ [15] icdar -2017 1600 - - icdar -2017 817 0.8 0.943 0.958 0.951 0.911 

god 
‡ [10] icdar -2017 1600 - - icdar -2017 817 0.8 - - 0.968 0.974 

dsp-sc 
‡ [36] icdar -2017 1600 - - icdar -2017 817 0.8 0.953 0.965 0.959 0.923 

yolo v3 ‡ + a + p [54] icdar -2017 1600 - - icdar -2017 817 0.8 0.968 0.975 0.971 - 

doln et ‡ icdar -2017 1600 - - icdar -2017 817 0.8 0.924 0.970 0.947 0.912 

d e cnt [5] d 2 4229 - - icdar -2017 817 0.6 0.971 0.965 0.968 - 

doln et d 2 4229 - - icdar -2017 817 0.6 0.943 0.977 0.960 0.938 

d e cnt [5] d 2 4229 - - icdar -2017 817 0.8 0.937 0.967 0.952 - 

doln et d 2 4229 - - icdar -2017 817 0.8 0.918 0.951 0.935 0.895 

f aster r-cnn + cl [8] icdar -2017 549 - - icdar -2017 243 0.6 0.956 0.943 0.949 - 

f + m-rcnn [56] icdar -2017 549 - - icdar -2017 243 0.6 0.944 0.944 0.944 - 

doln et icdar -2017 549 - - icdar -2017 243 0.6 0.943 0.974 0.959 0.931 

f + m-rcnn [56] icdar -2017 549 - - icdar -2017 243 0.8 0.903 0.903 0.903 - 

doln et icdar -2017 549 - - icdar -2017 243 0.8 0.928 0.958 0.943 0.902 

m-rcnn [11] Pascel voc 16K icdar -2017 1200 icdar -2017 400 0.6 0.850 0.320 0.460 - 

r etina n et [11] Pascel voc 16K icdar -2017 1200 icdar -2017 400 0.6 0.860 0.650 0.740 - 

ssd [11] Pascel voc 16K icdar -2017 1200 icdar -2017 400 0.6 0.710 0.490 0.580 - 

yolo [11] Pascel voc 16K icdar -2017 1200 icdar -2017 400 0.6 0.940 0.900 0.920 - 

doln et Pascel voc 16K icdar -2017 1200 icdar -2017 400 0.6 0.932 0.981 0.956 0.925 

m-rcnn [11] t able b ank 199K icdar -2017 1200 icdar -2017 400 0.6 0.950 0.720 0.820 - 

r etina n et [11] t able b ank 199K icdar -2017 1200 icdar -2017 400 0.6 0.870 0.920 0.890 - 

ssd [11] t able b ank 199K icdar -2017 1200 icdar -2017 400 0.6 0.710 0.550 0.620 - 

yolo [11] t able b ank 199K icdar -2017 1200 icdar -2017 400 0.6 0.940 0.940 0.940 - 

doln et t able b ank 199K icdar -2017 1200 icdar -2017 400 0.6 0.914 0.980 0.947 0.905 

Table 6 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on icdar-2019 . #: no. of images. Values in bold indi- 

cates the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
t able r adar [18] icdar -2019 1200 - - icdar -2019 439 0.8 0.940 0.950 0.945 - 

nlpr-pal [18] icdar -2019 1200 icdar -2019 439 0.8 0.930 0.930 0.930 - 

l enovo o cean [18] icdar -2019 1200 - - icdar -2019 439 0.8 0.860 0.880 0.870 - 

doln et icdar -2019 1200 - - icdar -2019 439 0.8 0.934 0.953 0.944 0.922 

t able r adar [18] icdar -2019 1200 - - icdar -2019 439 0.9 0.890 0.900 0.895 - 

nlpr-pal [18] icdar -2019 1200 - - icdar -2019 439 0.9 0.860 0.860 0.860 - 

l enovo o cean [18] icdar -2019 1200 - - icdar -2019 439 0.9 0.810 0.820 0.815 - 

doln et icdar -2019 1200 - - icdar -2019 439 0.9 0.904 0.922 0.913 0.843 

m-rcnn [11] Pascal voc 16K icdar -2019 599 icdar -2019 198 0.6 0.640 0.600 0.620 - 

r etina n et [11] Pascal voc 16K icdar -2019 599 icdar -2019 198 0.6 0.660 0.860 0.740 - 

ssd [11] Pascal voc 16K icdar -2019 599 icdar -2019 198 0.6 0.350 0.310 0.330 - 

yolo [11] Pascal voc 16K icdar -2019 599 icdar -2019 198 0.6 0.910 0.950 0.930 - 

doln et Pascal voc 16K icdar -2019 599 icdar -2019 198 0.6 0.962 0.981 0.971 0.949 

m-rcnn [11] t able b ank 199K icdar -2019 599 icdar -2019 198 0.6 0.850 0.760 0.810 - 

r etina n et [11] t able b ank 199K icdar -2019 599 icdar -2019 198 0.6 0.740 0.910 0.820 - 

ssd [11] t able b ank 199K icdar -2019 599 icdar -2019 198 0.6 0.350 0.350 0.350 - 

yolo [11] t able b ank 199K icdar -2019 599 icdar -2019 198 0.6 0.950 0.950 0.950 - 

doln et t able b ank 199K icdar -2019 599 icdar -2019 198 0.6 0.924 0.984 0.954 0.909 
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In the case of training with private data set and testing on com- 

lete data set, Arif and Shafait [6] obtain better F1 score (0.896) 

han doln et (F1 score 0.829). While training with d4 i.e., icdar- 

013 + icdar-2017 + m armot data set, our doln et obtains the best F1

core 0.794 as compared to d e cnt [5] with F1 score 0.767. Exist- 

ng environments like training with Pascal voc and t able b ank and 

ne-tuning with unlv and testing on unlv , our doln et obtains bet- 
8 
er results than the state-of-the-art technique yolo [11] . Our sin- 

le model doln et † trained with iiit-ar-13k and fine-tuned with 

espective datasets obtain better results than doln et on existing 

xperiment environments. 

Comparison with State-of-the-Arts on Marmot: 

Table 8 shows the comparison between the performances of 

oln et and the existing techniques under various experimental 
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Table 7 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on unlv . D4: icdar-2013 + icdar-2017 +Marmot. 

#: no. of images. Values in bolt indicates the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
god [10] Marmot 2K unlv 340 unlv 84 0.5 0.910 0.946 0.928 - 

doln et Marmot 2K unlv 340 unlv 84 0.5 0.925 0.952 0.938 0.912 

Gilani et al. [3] unlv 340 - - unlv 84 0.5 0.907 0.823 0.863 - 

doln et unlv 340 - - unlv 84 0.5 0.906 0.914 0.910 0.861 

Arif and Shafait [6] private 1019 - - unlv 427 0.5 0.932 0.863 0.896 - 

doln et private 1019 - - unlv 427 0.5 0.745 0.912 0.829 0.711 

d e cnt [5] d4 4622 - - unlv 424 0.5 0.749 0.786 0.767 - 

doln et d4 4622 - - unlv 424 0.5 0.736 0.852 0.794 0.657 

m-rcnn [11] Pascel voc 16K unlv 302 unlv 101 0.6 0.580 0.290 0.390 - 

r etina n et [11] Pascel voc 16K unlv 302 unlv 101 0.6 0.830 0.810 0.820 - 

ssd [11] Pascel voc 16K unlv 302 unlv 101 0.6 0.640 0.660 0.650 - 

yolo [11] Pascel voc 16K unlv 302 unlv 101 0.6 0.950 0.910 0.930 - 

doln et Pascel voc 16K unlv 302 unlv 101 0.6 0.805 0.961 0.883 0.788 

m-rcnn [11] t able b ank 199K unlv 302 unlv 101 0.6 0.830 0.660 0.740 - 

r etina n et [11] t able b ank 199K unlv 302 unlv 101 0.6 0.830 0.810 0.820 - 

ssd [11] t able b ank 199K unlv 302 unlv 101 0.6 0.660 0.720 0.690 - 

yolo [11] t able b ank 199K unlv 302 unlv 101 0.6 0.950 0.930 0.940 - 

doln et t able b ank 199K unlv 302 unlv 101 0.6 0.894 0.991 0.943 0.889 

Table 8 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on m armot. d3: icdar-2013 + icdar-2017 + unlv . E: 

English and C: Chinese. #: no. of images. Values in bold indicates the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
d e cnt [5] d3 3079 - - Marmot 1967 0.5 0.946 0.849 0.895 - 

doln et d3 3079 Marmot 1967 0.5 0.930 0.975 0.952 0.911 

mfcn + contour 

+ crf [57] Various Doc 130 - - Marmot 2000 0.8 0.731 0.762 0.747 - 

doln et Various Doc 130 Marmot 2000 0.8 0.836 0.845 0.840 0.716 

mfcn + contour 

+ crf [57] Various Doc 130 - - Marmot 2000 0.9 0.471 0.481 0.476 - 

doln et Various Doc 130 Marmot 2000 0.9 0.765 0.774 0.769 0.600 

m-rcnn [11] Pascal voc 16K Marmot(E) 744 Marmot(E) 249 0.6 0.750 0.370 0.490 - 

r etina n et [11] Pascal voc 16K Marmot(E) 744 Marmot(E) 249 0.6 0.860 0.750 0.800 - 

ssd [11] Pascal voc 16K Marmot(E) 744 Marmot(E) 249 0.6 0.760 0.670 0.710 - 

yolo [11] Pascal voc 16K Marmot(E) 744 Marmot(E) 249 0.6 0.960 0.900 0.930 - 

doln et Pascel voc 16K Marmot(E) 744 Marmot(E) 249 0.6 0.946 0.993 0.969 0.942 

m-rcnn [11] t able b ank 199K Marmot(E) 744 Marmot(E) 249 0.6 0.930 0.720 0.810 - 

r etina n et [11] t able b ank 199K Marmot(E) 744 Marmot(E) 249 0.6 0.860 0.930 0.900 - 

ssd [11] t able b ank 199K Marmot(E) 744 Marmot(E) 249 0.6 0.750 0.710 0.730 - 

yolo [11] t able b ank 199K Marmot(E) 744 Marmot(E) 249 0.6 0.970 0.950 0.960 - 

doln et t able b ank 199K Marmot(E) 744 Marmot(E) 249 0.6 0.925 0.993 0.959 0.924 

m-rcnn [11] Pascal voc 16K Marmot(C) 754 Marmot(C) 252 0.6 0.830 0.520 0.640 - 

r etina n et [11] Pascal voc 16K Marmot(C) 754 Marmot(C) 252 0.6 0.850 0.780 0.810 - 

ssd [11] Pascal voc 16K Marmot(C) 754 Marmot(C) 252 0.6 0.700 0.570 0.630 - 

yolo [11] Pascal voc 16K Marmot(C) 754 Marmot(C) 252 0.6 0.960 0.950 0.960 - 

doln et Pascal voc 16K Marmot(C) 754 Marmot(C) 252 0.6 0.966 0.988 0.977 0.959 

m-rcnn [11] t able b ank 199K Marmot(C) 754 Marmot(C) 252 0.6 0.980 0.820 0.890 - 

r etina n et [11] t able b ank 199K Marmot(C) 754 Marmot(C) 252 0.6 0.870 0.870 0.870 - 

ssd [11] t able b ank 199K Marmot(C) 754 Marmot(C) 252 0.6 0.670 0.610 0.640 - 

yolo [11] t able b ank 199K Marmot(C) 754 Marmot(C) 252 0.6 0.930 0.970 0.950 - 

doln et t able b ank 199K Marmot(C) 754 Marmot(C) 252 0.6 0.966 0.994 0.980 0.962 
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onditions. We observe from the table that doln et obtains better 

esults than the state-of-the-art techniques — d e cnt [5] and mfcn + 

ontour+ crf [57] when a complete set of images is used for evalu- 

tion purposes. Under the training with Pascal voc and t able b ank- 

 a t e x , doln et obtains 3 . 9% , 1 . 7% , and 3 . 0% better F1 score that

he state-of-of-art method yolo [11] for English and Chinese docu- 

ents. 

Comparison with State-of-the-Arts on TableBank: 

The comparison between the performances of doln et and the 

xisting techniques under various experimental conditions is pre- 

ented in Table 9 . doln et obtains better F1 scores than the 
9 
tate-of-the-art techniques Li et al. [7] on t able b ank excepting 

 abelbank-word images. 

.3. Comparison with state-of-the-Art models parameters 

Table 10 presents the comparison between parameters of 

oln et and the existing table detection models. Table highlights 

hat compared to all existing table detection models, doln et 

as 144M trainable parameters, two times the existing model’s 

arameters. Due to the dual/composite backbone, doln et has 
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Table 9 

Illustrates comparison between the proposed doln et and state-of-the-art techniques on t able b ank. #: no. of images, L: Latex and W: 

Word. Values in bold indicates the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
Li et al. [7] t able b ank-L 253K - - t able b ank-W 1K 0.5 0.956 0.826 0.886 - 

t able b ank-L 1K 0.5 0.975 0.987 0.981 - 

t able b ank-both 2K 0.5 0.962 0.872 0.915 - 

doln et t able b ank-L 253K - - t able b ank-W 1K 0.5 0.868 0.873 0.871 0.762 

t able b ank-L 1K 0.5 0.979 0.995 0.987 0.976 

t able b ank-both 2K 0.5 0.924 0.934 0.929 0.898 

m-rcnn [11] t able b ank-L 199K - - t able b ank-L 1K 0.6 0.980 0.960 0.940 - 

r etina n et [11] t able b ank-L 199K - - t able b ank-L 1K 0.6 0.860 0.980 0.920 - 

ssd [11] t able b ank-L 199K - - t able b ank-L 1K 0.6 0.970 0.960 0.965 - 

yolo [11] t able b ank-L 199K - - t able b ank-L 1K 0.6 0.990 0.980 0.985 - 

doln et t able b ank-L 199K - - t able b ank-L 1K 0.6 0.978 0.995 0.986 0.974 

Table 10 

Illustrates the comparison of the pro- 

posed doln et’s parameters with the 

state-of-the-art model’s parameters. 

Model Parameters 

YOLOv3 + A+PG [54] 65.2M 

TableRadar [18] 52.3M 

Li et al. [7] 52.3M 

YOLO [11] 65.2M 

m-rcnn [11] 64.0M 

m-rcnn [16] 64.0M 

Mask- rcnn [23] 64.0M 

RetinaNet [11] 71.13M 

DOLNet 144.0M 
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ore parameters than the existing models and obtains the best 

etection results. 

.4. Ablation study 

We perform a series of experiments to check the effectiveness 

f the proposed method. We train five models on the m armot 

ataset and evaluate on the icdar -2013. Our two baseline models 

cascade r-cnn obtains an F1 score of 0.960, and cascade Mask 

-cnn achieves an F1 score of 0.981 at IoU threshold 0.5. The F1 

core highlights that cascade Mask r-cnn is better than cascade 

-cnn for table detection. We incorporate the deformable convo- 

ution in the baseline model cascade Mask r-cnn and obtain an 

1 score of 0.990. Adding the deformable convolution in the base 

odel improves table detection accuracy by 0 . 9% . We incorporate 

he dual backbone on the baseline model cascade Mask r-cnn and 

btain an F1 score of 0.984. Incorporating the dual backbone also 

mproves the performance over baseline performance. Again we in- 

lude deformable convolution instead of convolution in the dual 

ackbone and call it doln et, which attains the best F1 score 1. 

his particular experiment highlights the utility of incorporating 

he key components — dual backbone and deformable convolution 

nto the baseline model cascade Mask r-cnn . We finally selected 

oln et as our final model for the table detection task. 

.5. Discussion on visual results 

We present sample correctly detected visual results in Fig. 4 

nd sample false/wrongly detected visual results in Fig. 5 using 

oln et. In the case of icdar-2013 and icdar-2017 , a single page 

ontains multiple tables, and tables are very close to each other. 

oln et detects all tables accurately (see Fig. 4 ). While icdar-2019 

ontains historical handwritten tables, doln et also accurately de- 

ects handwritten tables. p ub l ay n et, t able b ank, unlv , and m armot
10 
ontain multiple tables with diversity in style and size. In such 

ases, doln et accurately detects all tables on a single page. text- 

olorblueFrom Fig. 5 , we observe that doln et detects larger bound- 

ries than actual boundary for a few tables in icdar-2013 . Table 

eadings and captions are detected as part of the table. It is be- 

ause of only consideration of visual information, not textual in- 

ormation in doln et. In the case of icdar-2017 , a few documents 

ontain several figures which visually closely look like a table. 

ince doln et considers only visual features and predicts a few false 

ositives corresponding to those figures. icdar-2019 contains both 

rchival and modern documents. In the case of modern documents, 

ultiple tables are located very close to each other. In such doc- 

ments, doln et detects multiple tables within a single bounding 

ox. The archive documents contain double-column formatted doc- 

ments containing handwritten tables. The doln et detects hand- 

ritten text as a part of the table since tables are handwritten. At 

he same time, p ub l ay n et, m armot, t able b ank, unlv datasets con-

ain a few long tables with multiple sub-tables. Instead of detect- 

ng a complete table, the doln et detects only some parts of longer 

ables or/and all sub-tables separately. It is because of using only 

isual cues in doln et. 

. Performance across multiple IoU thresholds 

Effect of IoU Threshold on Document Object Detection: 

We also perform another set of experiments to check the ro- 

ustness of doln et for detecting various document objects while 

arying IoU thresholds. Table 12 shows the quantitative results of 

oln et for document object detection on p ub l ay n et under various

oU thresholds. For all categories of document objects excepting 

itle, doln et obtains consistent results (F1 score and m ap ) while 

arying the IoU threshold from 0.5 to 0.9. Since Title is much 

maller than other categories, doln et obtains the higher perfor- 

ance (0.969 F1 score and 0.949 m ap ) at IoU threshold 0.5 and 

educes around 50% performance (0.255 F1 score and 0.067 m ap ) 

t IoU threshold 0.9. This set of experiments also highlights the ro- 

ustness of doln et for detecting document objects on varying IoU 

hresholds. 

Effect of IoU Threshold on Table Detection: 

We check the robustness of doln et under various IoU thresh- 

lds for detecting tables on various benchmark datasets. Tables 13 

nd 14 show the performance of doln et for detecting tables 

n icdar-2013 , icdar-pod-2017 , icdar-2019 , unlv p ub l ay n et and

 able b ank datasets, respectively, under multiple IoU thresholds. 

d e c-n et is robust while varying IoU thresholds from 0.5 to 0.8 for

etecting tables. Only icdar-2013 , unlv and Marmot datasets, the 

erformance (F1 score) of doln et reduces less than 30 . 0% while 

arying IoU threshold from 0.8 to 0.9. All other datasets, doln et 

btains consistent results while varying IoU threshold. These ex- 
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Table 11 

Illustrates the performances of various models. All models are tested on icdar-2013 data 

set with 0.5 as IoU threshold. BB: indicates backbone, DBB: indicates dual or composite 

backbone, and DC: indicates deformable convolution. Cascade Mask r-cnn with composite 

r es n e x t-101 having deformable convolution as backbone i.e., doln et obtains best results as 

compared to other models. We select doln et as our final model. 

Score 

Models R ↑ P ↑ F1 ↑ mAP ↑ 
Cascade r-cnn + bb ( r es n ext-101) 0.963 0.958 0.960 0.953 

Cascade Mask r-cnn + bb ( r es n ext-101) 0.987 0.975 0.981 0.975 

Cascade Mask r-cnn + bb ( r es n ext-101 + DC) 0.991 0.990 0.990 0.986 

Cascade Mask r-cnn + dbb ( r es n ext-101) 0.987 0.981 0.984 0.973 

Cascade Mask r-cnn + dbb ( r es n ext-101 + DC) 1.000 1.000 1.000 0.995 

(i.e., doln et) 

Table 12 

Illustrates the performance of doln et for detecting document objects under varying IoU thresh- 

olds on PubLayNet. 

PubLayNet IoU Threshold 

0.5 0.6 0.7 0.8 0.9 

R ↑ 0.887 0.887 0.885 0.872 0.813 

Text P ↑ 0.988 0.988 0.986 0.971 0.906 

F1 ↑ 0.938 0.937 0.935 0.921 0.860 

mAP ↑ 0.887 0.886 0.884 0.868 0.797 

R ↑ 0.951 0.946 0.929 0.764 0.250 

Title P ↑ 0.986 0.982 0.964 0.793 0.259 

F1 ↑ 0.969 0.964 0.947 0.779 0.255 

mAP ↑ 0.949 0.944 0.923 0.673 0.067 

R ↑ 0.962 0.958 0.955 0.950 0.922 

List P ↑ 0.963 0.959 0.957 0.951 0.924 

F1 ↑ 0.963 0.958 0.956 0.951 0.923 

mAP ↑ 0.959 0.955 0.952 0.946 0.913 

R ↑ 0.989 0.989 0.987 0.985 0.975 

Table P ↑ 0.992 0.992 0.991 0.988 0.978 

F1 ↑ 0.991 0.990 0.989 0.987 0.977 

mAP ↑ 0.989 0.988 0.986 0.983 0.970 

R ↑ 0.996 0.995 0.992 0.985 0.966 

Figure P ↑ 0.995 0.993 0.990 0.983 0.965 

F1 ↑ 0.995 0.994 0.991 0.984 0.965 

mAP ↑ 0.996 0.995 0.990 0.982 0.956 

Table 13 

Illustrates the performance of doln et under varying IoU thresholds for detecting tables on icdar-2013, icdar-pod-2017, icdar-2019 and unlv datasets. Th: Thresh- 

old. 

Performance on Various Benchmark Datasets 

IoU ICDAR-2013 ICDAR-POD-2017 ICDAR-2019 UNLV 

Th R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ 
0.5 1.000 1.000 1.000 1.000 0.934 0.990 0.962 0.931 0.946 0.987 0.966 0.939 0.770 0.960 0.865 0.742 

0.6 1.000 1.000 1.000 1.000 0.931 0.987 0.959 0.927 0.939 0.980 0.959 0.929 0.758 0.944 0.851 0.717 

0.7 0.987 0.987 0.987 0.981 0.931 0.987 0.959 0.927 0.936 0.977 0.956 0.926 0.734 0.915 0.825 0.674 

0.8 0.942 0.942 0.942 0.899 0.928 0.983 0.955 0.924 0.930 0.971 0.950 0.913 0.663 0.826 0.744 0.551 

0.9 0.660 0.660 0.660 0.459 0.902 0.957 0.929 0.883 0.895 0.934 0.915 0.841 0.496 0.618 0.557 0.314 

Table 14 

Illustrates the performance of doln et under varying i o u thresholds for detecting tables on Marmot, p ub l ay n et, t able b ank, and iiit-ar-13k datasets. 

Performance on Various Benchmark Datasets 

IoU Marmot PubLayNet TableBank IIIT-AR-13K 

Th R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ R ↑ P ↑ F1 ↑ mAP ↑ 
0.5 0.916 0.991 0.953 0.909 0.977 0.996 0.986 0.977 0.979 0.995 0.987 0.976 0.982 0.976 0.979 0.981 

0.6 0.911 0.985 0.948 0.899 0.977 0.995 0.986 0.976 0.978 0.995 0.986 0.974 0.979 0.973 0.976 0.977 

0.7 0.905 0.979 0.942 0.891 0.976 0.994 0.985 0.974 0.978 0.995 0.986 0.9744 0.973 0.967 0.970 0.970 

0.8 0.887 0.960 0.924 0.859 0.974 0.992 0.983 0.972 0.977 0.993 0.985 0.970 0.959 0.954 0.956 0.955 

0.9 0.823 0.891 0.857 0.742 0.965 0.983 0.974 0.959 0.966 0.982 0.974 0.950 0.892 0.887 0.890 0.871 

11
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Fig. 4. Shows sample visual detection results of publicly available benchmark datasets — icdar-2013 , icdar-pod-2017 , icdar-2019 , unlv , m armot, p ub l ay n et and t able b ank. 

Blue colored rectangles indicate the ground truth bounding boxes. Green colored rectangles indicate the predicted bounding boxes using doln et. 
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eriments highlight that the performance of doln et is robust 

gainst the IoU threshold. 

. Single trained model working across datasets 

Table 15 presents the comparative results between the state-of- 

he-art techniques and the created unique model doln et † on var- 

ous benchmark datasets. The unique model doln et † is created by 
12 
raining with the iiit-ar-13k dataset. Table 15 highlights that our 

roposed model doln et obtains F1 score 1.0 while trained with d 1 

Marmot+ unlv + icdar-pod -2017) dataset. On the other hand, our 

ingle model doln et † trained on iiit-ar-13k with single object cat- 

gory: Table attains very close results (F1 score 0.968) to the state- 

f-the-art model doln et on icdar-2013 . 

In case of icdar-2017 , the table also presents that yolov3 + a + pg

btains state-of-the-art results: F1 scores 0.975 and 0.971 for 
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Fig. 5. Shows sample visual erroneous detection results of publicly available benchmark datasets — icdar-2013 , icdar-pod-2017 , icdar-2019 , unlv , m armot, p ub l ay n et and 

t able b ank. Blue colored rectangles indicate the ground truth bounding boxes. Green colored rectangles indicate the predicted bounding boxes using doln et. Red colored 

rectangles indicate the false detection results obtained using doln et. 
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oU thresholds 0.6 and 0.8, respectively. While our unique model 

oln et † trained on iiit-ar-13k with multiple object categories, fine 

uned on icdar-pod-2017 and evaluated on icdar-pod-2017 attains 

ery close results (F1 scores 0.959 and 0.955) to the best model 

olov3 + a + pg (F1 scores 0.975 and 0.971) for IoU thresholds 0.6 

nd 0.8, respectively. 

We also observe from the table that t able r adar obtains state- 

f-the-art performance (F1 score 0.945) for IoU threshold 0.8 
13
nd the proposed model doln et obtains state-of-the-art per- 

ormance (F1 score 0.913) for IoU threshold 0.9 on a com- 

lete test set of icdar-2019 . While our unique model doln et † 

rained on iiit-ar-13k with single object category: Table, fine- 

uned on icdar-2019 and evaluated on icdar-2019 obtains bet- 

er results (F1 scores 0.950 and 0.915) than the best mod- 

ls (F1 scores 0.945 and 0.913) for IoU thresholds 0.8 and 0.9, 

espectively. 
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Table 15 

Illustrates comparison between the state-of-the-art techniques and the created unique model doln et † on various benchmark datasets. The unique 

model doln et † is created by training with IIIT-AR-13K of single object category (table). #: no. of images, A: anchor optimization, PG: post- 

processing technique, D1: Marmot+UNLV+ICDAR-2017, D4: ICDAR-2013+ICDAR-2017+Marmot. Blue color indicates state-of-the-art results. Values 

in bold indicate the best results. 

Training Fine-tuning Test IoU Score 

Method Dataset # Dataset # Dataset # R ↑ P ↑ F1 ↑ mAP ↑ 
doln et d 1 4808 - - icdar -2013 238 0.5 1.000 1.000 1.000 1.000 

doln et † iiit-ar-13k 9K - - icdar -2013 238 0.5 0.942 0.993 0.968 0.942 

yolo v3 + a + pg [54] icdar -2017 1600 - - icdar -2017 817 0.6 0.972 0.978 0.975 - 

yolo v3 + a + pg [54] icdar -2017 1600 - - icdar -2017 817 0.8 0.968 0.975 0.971 - 

doln et † iiit-ar-13k 9K icdar -2017 1600 icdar -2017 817 0.6 0.931 0.987 0.959 0.927 

doln et † iiit-ar-13k 9K icdar -2017 1600 icdar -2017 817 0.8 0.928 0.983 0.955 0.924 

t able r adar [18] icdar -2019 1200 - - icdar -2019 439 0.8 0.940 0.950 0.945 - 

doln et icdar -2019 1200 - - icdar -2019 439 0.9 0.904 0.922 0.913 0.843 

doln et † iiit-ar-13k 9K icdar -2019 1200 icdar -2019 439 0.8 0.930 0.971 0.950 0.913 

doln et † iiit-ar-13k 9K icdar -2019 1200 icdar -2019 439 0.9 0.895 0.934 0.915 0.841 

doln et d4 4622 - - unlv 424 0.5 0.736 0.852 0.794 0.657 

doln et † iiit-ar-13k 9K d4 4622 unlv 424 0.5 0.729 0.894 0.812 0.674 

doln et Various Doc 130 Marmot 2000 0.8 0.836 0.845 0.840 0.716 

doln et Various Doc 130 Marmot 2000 0.9 0.765 0.774 0.769 0.600 

doln et † iiit-ar-13k 9K Various Doc 130 Marmot 2000 0.8 0.833 0.837 0.835 0.710 

doln et † iiit-ar-13k 9K Various Doc 130 Marmot 2000 0.9 0.772 0.775 0.773 0.603 

doln et t able b ank-L 199K - - t able b ank-L 1K 0.6 0.978 0.995 0.986 0.974 

doln et † iiit-ar-13k 9K t able b ank-L 199K t able b ank-L 1K 0.6 0.970 0.990 0.980 0.965 
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The table also presents that the state-of-the-art model ( doln et) 

btains an F1 score 0.794 on complete unlv for IoU threshold 0.5. 

ur unique model: doln et † trained on iiit-ar-13k with single ob- 

ect category: Table, obtains better results (F1 score 0.812) than the 

tate-of-the-art model (F1 score 0.794). Table highlights that the 

roposed model doln et obtains the best results (F1 scores 0.840 

nd 0.769) on the complete Marmot dataset for IoU thresholds 0.8 

nd 0.9, respectively. While our unique model doln et † trained on 

iit-ar-13k , obtains close result (F1 score 0.835) to the best model 

F1 scores 0.840) at IoU threshold 0.8 and better result (F1 score 

.773) than the best model (F1 score 0.769) at IoU threshold 0.9. 

The table also presents that the proposed model doln et obtains 

he best results (F1 score 0.986). While our unique model doln et † 

rained on iiit-ar-13k with single object category: Table, attains 

lose results (F1 score 0.980) to the best model (F1 score 0.986). 

ith these experiments, we conclude that instead of various mod- 

ls, only our single model doln et † trained on iiit-ar-13k , achieves 

ery close (sometimes even better) performance to the best mod- 

ls for respective datasets. We also conclude that our unique model 

oln et † works across all datasets. It is because iiit-ar-13k contains 

ables with diverse layouts, contents, and structures. 

. Conclusion 

We introduce a doln et, consisting of a cascade Mask r-cnn 

ith a dual backbone having deformable convolution to detect 

ables present in documents with high accuracy at higher IoU 

hreshold. The proposed doln et achieves state-of-the-art perfor- 

ance for most of the benchmark datasets under various exist- 

ng experimental environments and significantly reduces the false 

ositive detection even at the higher IoU threshold. We also pro- 

ide a single model doln et ‡ for all benchmark datasets, which 

btains very close performance to the state-of-the-art techniques. 

e expect that our single model sets a standard benchmark and 

mproves document objects — tables, figures, logos, and mathe- 

atical expressions. Though doln et achieves high performance, it 

ails to properly detect tables in documents having very closely 

ocated multiple tables, larger tables with several sub-tables, and 

gures that look like tables. In the future, we plan to employ vi- 

ual and textual deep feature fusion (similar to [58] ) for better 

odel performance. Existing document object (e.g., table) detec- 

ion methods rely heavily on many annotated documents and re- 
14 
uire a long training time. In computer vision, few-shot object de- 

ection [59,60] is recently very popular for handling such real chal- 

enges. In the future, few-shot leraning can be explored to detect 

ocument objects to address real challenges. 
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