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Abstract

Scene text detection has progressed rapidly, largely driven
by curated datasets and benchmarks. However, many of
these have reached evaluation saturation and are heavily
biased toward focused scenes, limiting their effectiveness in
real-world environments where detection is hindered by en-
vironmental factors. To address this, we introduce MIST —
a Multilingual Incidental Scene Text dataset featuring di-
verse text instances across 11 languages. MIST provides
language, legibility, and fine-grained polygon-shaped an-
notations across 12K scene images and 600K word-level
text instances. Images are captured along roads using a
GoPro mounted on a moving car to capture real-world com-
plexities, ensuring the scenes are incidental rather than
deliberately framed. MIST establishes a new challenging
benchmark to enable robust evaluation of scene text de-
tection methods in real-world scenarios. The datasets and
code are available at https://saumya-svm.github.io/mist/.

1. Introduction

Text detection and recognition in natural scene images
is crucial for various real-world applications, including
autonomous systems like cars and drones, accessibility
tools, augmented reality, scene understanding, and real-time
translation [19, 23, 46, 49, 58]. The availability of large
datasets and computing resources has driven advancements
in state-of-the-art methods. However, challenges persist due
to scene text variations in language, color, font, size, orien-
tation, and shape at the micro level. At the same time, com-
plex backgrounds, occlusions, and poor imaging conditions
cause low resolution, distortion, noise, corruption, or blur at
the macro level [19, 23, 58]. Together, these factors make
accurate text localization and recognition difficult.
Micro-level challenges are primarily captured through
focused scene text datasets. Such scene text is deliber-
ately captured with the text in focus, maximizing resolution
and legibility (refer to Fig. 3). Focused scene text datasets
like ICDAR-03 [20], 11 [31], and 13 [9] spurred initial
research but were limited by horizontal text assumptions.
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Figure 1. Displaying clusters of scene text detection datasets, in-
cluding MIST, based on the average number of text instances per
image (M1) and average area of instance about the image (M3).
Bubble size represents the number of text instances in the whole
dataset. Metrics are defined in Sec. 3.4

Succeeding datasets [22, 44, 47, 48] overcame this limi-
tation by introducing multi-oriented rectangular bounding
boxes, whereas Total-Text [2], CTW1500 [18] and ICDAR-
ArT [3] addressed the challenge of curved text. Cur-
rently, state-of-the-art methods achieve approximately 90%
F-Measure on Total-Text [2], CTW1500 [18], TD500 [44],
and around 80% on ICDAR-ATrT [3] and MLT17 [24].

These focused scene text datasets have driven much of
the progress in scene text detection. However, their narrow
capture angles and targeted objectives (for example, arbi-
trary shaped or multilingual text) reduce the prevalence of
natural macro level complexities. In contrast, incidental
scene text (refer to Fig. 2), which is captured over wider
fields of view without any deliberate attempt to capture
the text, naturally increases the likelihood of encountering
higher frequency of macro level complexities. These chal-
lenges are highlighted in PSENet [38], which notes failures
in densely crowded text, and TextBPN++ [53], which re-
ports degradation under object occlusion.

Within incidental scene-text datasets (DOST [8],
COCO-Text [37], RoadText-1k [28], Uber-Text [54]), IC-
DARI15 [10] has long served as the de facto primary bench-


https://saumya-svm.github.io/mist/

Figure 2. An example from our MIST with detailed annotations, including transcription, script, legibility, and polygonal regions. The red
polygons correspond to annotated text instances in the image.

mark. With recent methods such as CPN [41] achieving ing properties and explore itability to mitigate exist-
near-human performance (approaching 90% F-measure), ing issues in scene text detection

ICDAR15's capacity to drive further progress is now lim-

ited. This motivates the need for a new, large-scale inciden-z' Related Works
tal dataset that captures diverse, complex text in real-world2 1. Scene Text Detection Datasets

conditions to drive further progress.
Early focuseddatasets [9, 20, 22, 31, 44, 47, 48] led the

development up to multi-oriented, rectangular text. Total-
Text [2], CTW1500 [18], and ICDAR-ArT [3] introduced
arbitrary-shaped text with tight polygonal annotations and
became primary benchmarks driving shape-generalized de-
tectors. MLT17 [24] and MLT19 [25] are large-scale mul-
tilingual benchmarks spanning scripts such as Latin, Ara-

Figure 3. Shows examples from existing focused scene text detecPiC, and Devanagari. However, a more challenging fron-

tion datasets - Total-Text, CTW1500, and MLT17. tier lies in incidental scene text, as ICDAR15 [10] has sat-

urated. Other incidental datasets face utility issues. For ex-
To address these concerns, we introddEST — a ample, RoadText-1k [28] is a video-based dataset without

Multilingual IncidentalSceneText dataset to advance re- static-image splits, making reproducible research dif cult.

search in incorporating incidental scene text in addition to DOST [8], which is closest to MIST in terms of inciden-

focused scene text. Our main contributions are as follows: tal nature, includes a static-image split. However, it only

» We introduceMIST, alarge-scale multilingual inciden- consists of 338 images and the frames are sampled at every
tal scene text dataset, comprising 12K images and 600Ktenth interval, leading to redundancy. COCO-Text [37] re-
text instances acrodd languageswith transcription, leg- ~ mains under-utilized due to its sparse text density. To ad-
ibility, language, and polygon-shaped annotations. dress this critical need for a more challenging incidental

« We benchmark MIST using TextBPN++ [53], DPText- benchmark, we introduce MIST, a new dataset speci cally
DETR [45], MixNet [51], and DBNet++ [15]. The results designed to capture diverse macro-level complexities with
highlight the need for further research in incidental scene high frequency. As we validate in Sec. 3.4 and Sec. 3.5,
text detection, as existing models show signi cant room MIST demonstrates a superior incidental nature compared
for improvement despite dedicated training. to ICDAR15 and existing datasets.

* We establish MIST as a general dataset on account of
MIST trained models achievingmpressive zero-shot
performance on existing datasetsExtending its gener-  Regression-based Methods:predict bounding boxes di-
alisability, we demonstrate itmpressive transfer learn- rectly. TextBoxes [11] adapted SSD [16] by modifying

2.2. Scene Text Detection



convolution scales and anchors. TextBoxes++ [12] and dataset, alongside the incidental nature. The dynamic na-
DMPNet [17] introduced quadrilateral regression for multi- ture of this collection process ensures the captured scenes
oriented text, while SSTD [6] used attention to highlight are incidental, as the vehicle captures text naturally oc-
text regions. RRD [13] separated classi cation and regres- curring in the environment rather than being deliberately
sion for better multi-oriented text detection. EAST [57] and framed. The incidental nature of these images makes them
DeepReg [7] used anchor-free, pixel-level regression, andhighly valuable for training robust scene text detection mod-
DeRPN [42] addressed scale variations. Though ef cient els capable of handling unconstrained real-world scenarios.
with simple post-processing (e.g., non-maximum suppres-
sion), these methods struggle with irregular text shapes like
curved text.Segmentation Based Methodspredict text at
the pixel level, re ning detections through post-processing.
Zhanget al. [55] combined segmentation with MSER for
multi-oriented text, while Xuest al. [43] used text borders
for instance separation. Mask TextSpotter [21] leveraged
Mask R-CNN [5] for arbitrary-shaped text. PSENet [38]
introduced progressive scale expansion, and &taal. [36]
used pixel embeddings for clustering. Though PSENet and
SAE [36] improved post-processing, they slowed inference.
DBNet [14] and DBNet++ [15] optimized segmentation by
integrating binarization without sacri cing speed.

Connected Components Methods: decompose text
into segments and link them for detection. SegLink [32] Figure 4. Showcases the diverse and complex text instances in
predicted segment boxes and connections for long text,MIST, including (a) multilingual text, (b) partially occluded and
while SegLink++ [34] improved instance separation for ar- 3D text, (c) artistic and motion-blurred text, (d) vertical and per-
bitrary shapes. Though effective for long text, these meth- spective text, (e) text blending into backgrounds, and (f) curved
ods depend on complex hyperparameters, making them dif-2nd high-illumination text.
cult to tune. Boundary Based Methods: detect text by
predicting key points along text boundaries [1, 35, 39, 56].

. . Dataset M," M, # M3 # | #images]| #text instances

CTD [50] used RNN decoding for 14 boundary points, —omrTextp] 8.44] 0.01093[ 0.01747] 1255 10589
while [39] employed BLSTM for adaptive boundary pre- '\CATL¥/1175[02(21 18] 1;-32 8-8%23 8-8%;2 %288 Bgégz
diction. BPN [53], BPN++[52], and DPText-DETR [45] [CDAR-AMT[3] | 1L24] 0.01230 0.02174] 5603 62975
follow a two-stage approach, generating coarse boundary _ICDARISTIO] | 11.89] 0.00204] 0.00300] 1000 11886
. . . COCO-Text[37]| 8.56 | 0.00344] 0.00613] 43686 163476

proposals followed by re nement via iterative deformation.  —wrr1o729] 11191001125 0.03261 10000 111998
Despite achieving high accuracy, complex iterative correc- _LSVT[33] 12.75] 0.01270] 0.00750] 30000 382606
. . . . . Uber-Text [54] 3.47 | 0.00277| 0.00230 82572 285699
tions remain Computatlonally Intensive. DOST [9] 32.771 0.00000| 0.00110 338 11076
MIST (ours) 48.41[ 0.00067| 0.00084] 10388 502877

3. MIST Dataset

. Table 1. Statistical comparison of scene text datasets. Best values
3.1. Scene Image Collection

arebolded; second-best are underlined
Occurrence of small scale text in an environment with abun-
dant complexities such as occlusions, perspective distor-
tions, motion blur, varying fonts, styles, colors, shapes,
scripts, complex backgrounds, and cluttered arrangements
is essential for curating an incidental scene text dataset.
Roadside scenes provide a rich and diverse setting for col-
lecting such scene text images, making them an invaluable
resource for real-world text detection datasets.
We follow a straightforward setup by mounting a GoPro
camera on a moving vehicle, facilitating the seamless ac-Figure 5. Presents a comparison of the spatial distribution of
quisition of large-scale datasets and eliminating the need fortext instances between MIST and existing datasets. MIST, along
extensive manual intervention. Collecting video sequencesWith Total-Text, MLT17, ICDAR15, and COCO-Text, exhibits a
across diverse regions in India also capturestilingual broader spread of text instances compared to other datasets.
text, adding multilinguality as a secondary attribute of the



3.2. Annotation

MIST provides word-level polygon shaped annotations,
similar to Total-Text [2]. Each word is annotated with
a polygonal region, its script, legibility, and transcription.
The dataset covers 11 languages — English, Bengali, Gu-
jarati, Hindi, Kannada, Malayalam, Marathi, Oriya, Pun-
jabi, Tamil, and Telugu — while other languages, digital wa-
termarks, logos, and illegible text are markedlasot care
Any detecteddo not caretext is excluded from the evalua-
tion. Fig. 2 shows a sample annotation and summarizes the
annotation collected for each text region.
We employ a two-step semi-automatic approach to re-
duce manual effort and improve ef ciency. First, selected
images are processed using Google Cloud O®Ricquire
initial estimates for bounding box, script, and transcription
for each text instance. Next, our skilled and experienced in-
house annotators verify and edit the acquired estimates and
further annotate the text instances undetected by Google
Cloud OCR. They also label text as legible or illegible. Fi-
nal annotations include polygon boundaries, transcription, Figure 6. Compares thaistribution of text instances in scene
script and legibility tag. The entire process took approx. images(M1) of against existing datasets: Total-Text, CTW1500,
three months and approx. 2000 annotator holtsre de- MLT17, ICDAR-ArT, ICDAR15, COCO-Text, and RoadText-1K.

tails provided in Appendix A of supplementary material

3.3. Dataset Statistics Image-level metric  Dataset-level metric

From 150 hours of video, we extract diverse, non- mi= N My = ﬁp i2p MY’

overlapping frames to construdIST . It comprises ap- A _ 1 =] P (i)
proximatelyl2K scene imagesontaining608974 text in- mz = E 8t2T Mz= leﬁ i2p 21, M2
stancesacrossll scripts with each image at 19201080. A Mo = 1P M

To ensuretemporal and regionatliversity while avoiding T AN 37 jpj 120 M

duplicate images, we enforce pegionand persequence
quotas and sample uniformly over time via equal temporal Table 2. Image- vs. dataset-level metrics.
bins (seeAppendix B of Supplementary matejidiVe split

the dataset into training, and testing (benchmark), with the )
benchmark comprising985scene images. text dataset and benchmark. MIST proves to be the mostin-

The incidental nature of MIST images results in a more cidental in nature and hence promises to ful Il the require-

diverse text distribution, including a higher occurrence of ment for an incidental dataset.

smaller, naturally embedded, and legible text instances,

enhancing the dataset's real-world applicability. Table 1 Metrics. We de ne two image-level metricsn(;; ms)
and Fig. 1 provides a comprehensive distinction betweenand one text-instance-level metrim{), along with their
MIST's distribution and that of the existing dataset. Fig. 4 dataset-level counterpartsi¢; M,;M3), to quantify inci-
illustrates the diverse and complex text instances presentlental characteristics. For a single imdgel denotes its
in MIST. This variety makes MIST a highly challenging set of text instancedN( = jTj), A; the area of an instance
dataset for text detection. Fig. 5 compares the spatial distri-t 2 T, andA, the image area. For a dataget= fl;g, T;

bution of text across various datasets. andN; = jT;j denote the instances and count for imége
o Table 2 summarizes the metric de nitions. For the follow-
3.4. Inherent Characteristics ing discussion, leH denote the set of incidental scene text

In this subsection, we rst de ne the notion of an incidental IMages and the set of focused scene text images.
dataset using relevant metrics. On this basis, we empiri- Mt/ M1. my counts text instances in a single image,
cally validate the limitations of models trained on existing Wherea averages this count over the dataset. Typically,

F H F
datasets, and thus motivate the need for an incidental scend > M1 andMy' >M . _
m, / M,. my is the per-instance area proportion,

Lhttps://cloud.google.com/use-cases/ocr whereas\l; is the instance-weighted mean over the dataset.




Figure 7. Comparison of theverage area of a text instance relative to the scene imagd §) in MIST against other benchmarks: Total-
Text, CTW1500, MLT17, ICDAR-ArT, ICDAR15, COCO-Text, MLT19, RoadText-1K, and LSVT. The analysis employs kernel density
estimation to create continuous distribution curves, with both axes shown on logarithmic scales (base 50 for y-axis and base 2 for x-axis).

Typically, my <m¥5 andMf! <M [ . 3.5. Empirical Validation

ms / M3. mgz is the average instance area proportion In this section, we evaluate the limitations of current mod-
within an image, whereadd 3 is the mean ofms across im- els on incidental scene text. Speci cally, we use the TBPN
ages. Typicallymf <m§ andM{! <M f;asmz! 0 (Deformable-Resnet50 variant of TextBPN++ [53]) models
orMs ! 0, scene text is more incidental. trained on MLT17, ICDAR-ArT, and Total-Text. For con-

sistency, all models are tested at an input resolution of
Real-world text detection encounters challenges such ass40 1024, using the of cial weights released in the TBPN
occlusion, perspective distortion, motion blur, poor illu- GitHub repository. The corresponding training con gura-
mination, and smaller legible texts. Collecting such arti- tions are described in the original paper [53]. Experiments
facts for training and benchmarking is essential to drive gre conducted on the MLT17 validation set, as well as the
the progress of robust and generalizable scene text detecfotal-Text and MIST test sets.
tion models. Thus, to maximize the likelihood of captur- | . .
nour rst experiment, we examine how the F-Measure

ing such compIeX|t|es, we COIleCt. our data by. cap'turlng varies withM,. For each image, we sweep a threshold
text-dense high resolution scene images (detailed in Sec-

tion 3.1). Fig. 6 illustrates the probability mass function of overm and label instances W'tf.nz asdo not_ care
) ; : regions The F-Measure at eachis computed per image,
text instances per image. MIST displaysvall-balanced

N - ver r h nd pl ifstisol
and densetext distribution compared to existing datasets, averaged across the dataset, and plotted agaiffstisolate

: . : the effect of instance scale, we kel andM 3 approxi-
;/tvshilltw:Zi;Zﬁatloc?)iEtrgrc:)c;rrrzlsnﬂrlsy'rr Eggsséeav;(;%g%mﬂpared 0 mately constantAll results here are in-domain, the mod-
times theM1 of ICDARLS andsix times that of COCO- els are trained and evaluated on the same dataset. Fig. 8(a)

A . illustrates F-Measure as a functionMdf,: as the threshold
Text, making it a richer and more comprehensive dataset. - .
decreases (retaining smaller instances), performance of the

model trained on existing datasets declines, likely due to
limited representation across scales or implicit scale biases.
JMIST aims to alleviate this by providing large numbers of
text instances spanning a wide range of scales, especially
those underrepresented in existing datasets.

If two datasets have simild¥l 1, the scale of the scene
text is a differentiating cue between a focused and inci-
dental scene text. Since incidental scene text is capture
without deliberately focusing on the text, they appear rela-
tively small. To quantify this, we use the methts, which
measures the relative area occupied by text instances within  We also investigate how a text detection model's perfor-
an image. Fig. 7 illustrates the distribution gaphd§ be- mance correlates with an “incidental” scen®l analyses
tween the MIST and existing datasets. A lowég indi- here arein-domain. Using the same datasets, we ddr}
cates higher degree afcidentalnesspositioning MIST as  and divide it into batches of 5 for Total-Text and 20 for
a highly incidental dataset. Notably, MIST has huge den- MLT17. Instead of aggregating the F-Measure across the
sities of small-scale text (emphasized by tbgarithmic entire dataset, we compute it for each batch. Plotting F-
scalg and its averagM s is signi cantly smaller than other  Measure againdtl 3, shown in Fig. 8(b) and (c), reveals
datasets, averagirigp-20times smaller than the existing fo- a performance decline as scenes transition from focused
cused datasets addimes smaller than its incidental coun- to incidental. Based on our assumption regarding macro-
terparts. Additionally, it extends coverage along g level complexities, this trend primarily re ects how scene
scale that was previously explored only to a limited extent text detection systems struggle as a scene shifts toimard
and scale, expanding the scope of text scales in scene textidental The region of poor performance for both datasets
detection literature. aligns with their left tail in theM 3 distribution, which no-



cult conditions and the low variability of text scales in ex-
isting datasets. MIST aims to bridge this gap by aligning
dataset benchmarks more closely with real-world scenarios.

To summarize, MIST stands out as a unique incidental
dataset due to its high frequency of macro level complexi-
ties, owing to its dense text distribution and the small scale
text instances. This combination enables it to mirror com-

(a) (b) plex real-world scenarios better than existing datasets.

3.6. Quality Control

Since our road-captured scene images may naturally contain
sensitive information, we employ a two-stage pipeline to
conceal Personally Identi able Information (PII). In Stage
I, RetinaFace [29, 30] and EgoBlur [27] are used to auto-
matically blur human faces and license plates. In Stage II,
©) (d) we manually review all images to blur faces or license plates
missed in the rst stage, ensuring comprehensive Pll pro-
Figure 8. (a) F-Measure at varyirg . thresholds for TBPN,  tection. Due to the scale and complexity of our dataset, we
trained and evaluated separately on Total-Text and MLT17. (b) performed thorough evaluation checks to reduce annotation
F-Measure for each batch of 20 sortiéih elements on MLT17,  grrors, \We performed inter-annotator veri cation over two

comparing TBPN and ResNet-50 variant of TextBPN++ trained on iterations to ensure accurate and unambiguous annotation
MLT17. (c) F-Measure for each batch of 5 sortdd elements on 9 '

Total-Text, comparing the same two variants trained on Total-Text.
(d) Zero-shot F-Measure across batches of 5 sdvtecelements
on MIST, using TBPN trained on ICDAR-ArT, Total-Text, and

4. Experiments

MLT17. Model PT P R F F F
DP-DETR | Syn | 69.61| 57.04| 62.70 | 59.15| 52.80
TBPN MLT | 70.87 | 47.75| 57.06 | 52.09 | 44.68

tably overlaps with the right tail in MIST'M 3 distribu- MixNet Syn | 73.48| 45.59 | 56.27 | 51.44 | 44.06

tion (Fig. 7). This underscores how even slight distribution DB++ Syn | 72.84| 39.73 | 51.42 | 44.71 | 38.32

shifts can signi cantly impact scene text detection: models

trained on existing datasets perform poorly even under rela-Table 3. Benchmarking results on MIST. TR& column reports
tively lenient real-world conditions (right tail of MISTH! 5 the dataset used for pretraining: MLT represents MLT17[24] and

gt SR, Syn represents SynthText [4]. Fand F denote strati ed evalua-
istribution kew istributions.
distribution) due to skewed data distributions tion with M 3 thresholds of 0.0004 and 0.0002, respectively.

Zero-shot Evaluation: After analyzing the in-domain . .
performance of various models, we will now evaluate their 4.1. Baselines and Implementation
zero-shot ¢ut-of-domain OOD) performance on MIST to  We benchmark MIST with four detectors: TBPN (the
better re ect real-world conditions. Assessing scene text Deformable ResNet-50 variant of TextBPN++ [53]), DP-
detection in these scenarios is crucial. Table 4 includes theDETR (DPText-DETR [45]), MixNet [51], and DB++ (DB-
zero-shot results of Total-Text, MLT17, and ICDAR-ArT Net++ [15]). Each model is initialized from the authors'
on MIST, revealing a signi cant issue with extremely low publicly released pretrained weights on their respective
recall rates, indicating that many text instances are missedGitHub repositories. We follow the authors' training con g-
or detected unsatisfactorily. The decline in performance urations for MixNet and DB++; for TBPN and DP-DETR,
stems from domain shift, small text prevalence, and datasetwe keep all settings unchanged except the learning-rate
speci ¢ challenges. schedule, setting the initial learning rate 10 4 and ap-
Similar to Fig. 8 (b), we plot F-Measure for each batch of plying a step decay d@:9 every10epochs.
5 sorted elements froil 3 on MIST, using TBPN trained
on ICDAR-ArT, Total-Text, and MLT17 in the zero-shot
setting as Fig. 8 (d). The gure shows that theMeasure We report the PrecisiorPj, Recall R) and F-measure),
remains below 0.5even for larger text, indicating that all calculated through the DetEval [40] protocol for evaluat-
text sizes are affected by macro-level complexities, with ing scene text detection models, as used in Total-Text. This
smaller text facing additional challenges due to their scale. protocol supports — One-to-One, One-to-Many, and Many-
This can be attributed to insuf cient training samples in dif- to-One matching. We sat = 0:7 andtp = 0:6 for a

4.2. Evaluation



more interpretable benchmark evaluation. Incidental scenes

feature smaller, clustered text, makitig = 0:6 ideal to

prevent detections from merging with surrounding text or

background. Meanwhile, macro level complexities can lead @) (b) ©
to fragmented detections, makitilg = 0:7 a fairer choice

to avoid excessive penalties. We also propostrati ed
evaluation benchmark to better assess the challenges of
incidental scenes. Standard evaluation often masks fail-
ure cases, as high overall scores may stem from easier in-
stances. To prevent misrepresentation, we stratify MIST
into two sets based avl 3 thresholds 00:0004and0:0002
ensuring a more informative evaluatioMore details can

be found in Appendix B of supplementary material @

(d) (e)

4.3. Benchmark Result

Table 3 presents the quantitative results, suggesting that
the existing models have room for improvement to cater to
complex real-world scenarios. The strati ed evaluation fur-
ther strengthens this claim, capturing the poor performance
in much harder incidental sceneRefer to the supplemen-

tary material for visual results
(9 (h)

5. Insights & Takeaways Figure 9. Green boxes denote ground truth and red boxes de-
. note predictions(a),(b) object occlusion on tex{c) false positive
5.1. Error Type Analysis (doorppattern as(te)xg][;) teth with merging bacIEgc])roundé) low-

We qualitatively analyze how TBPN, trained on MIST (fol- illumination text,(f) small-scale text. Error analysis of TBPN on
lowing Sec. 4.1), fares under different error types. Us- MIST. (g) Within-category false-negative (FN) rate for each error
ing sample images from MIST test-set, we quanti ed false YP®. de ned as=N=¢ occurrences in that categodn) Composi-
negatives per category, as shown in Fig. 9(g,h) . Thet'on of all FNs across categories (normalized to 100%).

false negatives are dominated by low-resolution and low-
illumination cases, both high in absolute frequency and in

Train Set Test Set P R F
Total-Text 64.57 | 78.44 | 70.83

their. within-category percentage. In contrast, o.bject' oc- ICDAR15 | 73.73 | 59.20 | 65.68
clusion, text—background merging, and perspective distor- MIST CTW1500 | 80.62 | 86.00 | 83.22
tion are relatively infrequent and exhibit lower percentage MLT17 80.00 | 63.00 | 70.50
of within-category false negatives (all under 40%). These MIST 70.87 | 47.75 | 57.06
. : . i Total-Text | 69.82 | 70.05 | 69.94
trends mcﬁcatg thgt improving ropustness to low resplutlon ICDAR15 | 79.00 | 47.50 | 59.40
and poor illumination is likely to yield the greatest gains. MLT17 CTW1500 | 85.20 | 82.20 | 83.67
MIST 88.88 | 28.06 | 42.65

5.2. Generalization Capability of MIST MLT17 83.74 | 72.10 | 77.48
o o ICDAR15 77.00 | 37.33 | 50.30

Scene text detection is shaped by intrinsic factors (style, CTW1500 | 86.30 | 78.69 | 82.00
shape, script, size) and extrinsic perturbations (occlusion, Total-Text | MLT17 83.67 | 48.84 | 61.68
motion blur, perspective distortion). To assess model gen- ¥J;T_Text gg'ﬁ g'g; Sg'ig
eralization on out-of-distribution data under this variabil- CDARIS | 8331 46.60 | 59.77
ity, we useTBPN (the Deformable-ResNet50 version of ICDAR-AIT | MLT17 85.50 | 60.92 | 71.15
TextBPN++) trained on MIST (refer to Sec. 4.1). For com- MIST 86.04 | 28.01 | 42.27

ICDAR-AIT | 84.48 | 77.05 | 80.59

parison, we use the authors' publicly released TBPN check-

points trained on MLT17, ®TAL-TEXT, and ICDAR- Table 4. Cross-dataset performance of TBPN [53] checkpoints.
ART (same as in Sec. 3.5). All checkpoints are eval- |npyts are 6401024 and evaluation uses DetEvat 0:7,

uated zero-shot on the target datasets listed in Table 4p=0:6). Bold and underline indicate the best and second-best
(i.e., MLT17, TOTAL-TEXT, ICDAR15, CTW1500, and  cross-domain results, respectively.

MIST when applicable).
Results: Let TBPNx denote the TBPN trained on X. Ta-
ble 4 shows that TBPM st is competitive across all targets:
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