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Abstract

The adoption of grazing-incidence wide-angle x-ray scattering (GIWAXS) has expanded rapidly, as
it has proven invaluable for extracting a wealth of structural information from thin films and sur-
faces on the atomic and molecular scale. The amount of scattering data collected in such experi-
ments creates new challenges associated with relatively slow conventional data analysis due to the
need for human input. Existing machine learning-based Bragg-peak detection approaches have
demonstrated the potential of automation, but significant challenges such as weak peaks, peaks

on top of Debye—Scherrer rings, and difficulties in differentiating closely spaced peaks remain.

We introduce a powerful model for GIWAXS peak detection based on a visual transformer that
achieves a performance strongly surpassing existing models. We evaluate our new approach using
a diverse set of labelled, experimental GIWAXS patterns from perovskite and organic thin films.
Notably, we demonstrate for the first time the reliable detection of Bragg peaks superimposed on
other peaks and Debye—Scherrer rings, a significant improvement in detecting low-intensity peaks
and a substantially stronger overall performance. In addition, we evaluate both pre- and postpro-
cessing latency, confirming that the overall analysis speed is sufficient for real-time applications.
With its ability to deliver a fast and high-performance analysis, our approach enables new types of
GIWAXS measurements, including closed-loop experiments, that were previously limited by anal-
ysis bottlenecks. The studied model could potentially also be applied to other datasets with a large
dynamic range and weak signal-to-noise ratio.

1. Introduction

Grazing-incidence wide-angle x-ray scattering (GIWAXS) is a key method for characterising surface and
thin film structures at the atomic and molecular level [1, 2]. A major advantage of GIWAXS over many
other methods is that it allows for non-invasive in-situ and in-operando studies on thin films with high
temporal resolution, even in specific environments [3-8]. Its adoption has expanded rapidly, driven by
major technological leaps in synchrotron facilities, including more brilliant x-ray sources and detectors
with higher temporal and spatial resolution [9, 10]. GIWAXS measurements allow to extract structural
information from thin films and surfaces, including crystal structure, crystalline domain orientation,
crystallinity, and phase composition [8, 11-14]. Here, accurate peak detection is essential, since this
information is encoded in the positions, widths, and intensities of Bragg peaks in the 2D scattering pat-
tern. Conversely, inaccurate detections such as missed peaks, false positives, or merged closely spaced fea-
tures, propagates through the entire analysis pipeline and compromises the reliability of all downstream
results. The peak detection is complicated by the inherent properties of GIWAXS data. The data simul-
taneously contains sharp Bragg peaks from textured crystalline domains and Debye—Scherrer rings from
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randomly oriented polycrystalline phases, both superimposed on strong substrate and ambient back-
ground scattering. Features span a large dynamic range, and vary strongly in size from only a few pixels
to Debye—Scherrer rings spanning the whole azimuthal extent.

Machine learning (ML) has been applied to grazing-incidence scattering data along several directions,
it provides a powerful solution, thanks to its capacity for parallel data processing and ability to extract
new conceptual insights from large datasets [15-24]. Early work employed ML to improve the efficiency
of synchrotron beam time through autonomous, Bayesian optimisation-driven GIXD mapping of thin-
film libraries [25]. Separately, convolutional neural networks were shown to successfully classify thin-film
morphologies and scattering regimes directly from GIWAXS and GISAXS images [15, 18, 26]. Beyond
classification, ML has also been applied to data reconstruction tasks: Chavez et al [27] demonstrated that
neural networks, such as U-Nets and mixed-scale dense networks can reconstruct detector gaps in exper-
imental grazing-incidence scattering data. While these approaches showed that learned representations
can capture relevant structural information from 2D scattering patterns, they address classification and
reconstruction rather than the precise localisation of individual scattering features. The more demanding
task of automated peak detection in GIWAXS was first addressed by Starostin et al [28], who introduced
a modified Faster R-CNN architecture adapted to the GIWAXS geometry. For this approach, the tracking
of perovskite crystallisation in time-resolved GIWAXS data was demonstrated. A subsequent benchmark-
ing study [29] evaluated this model against a classical region-growing baseline, confirming substantial
performance gains from the ML-based approach, particularly for adjacent and low-intensity features.
The Bragg peak detection of Starostin et al [28] is integrated into the mlgid pipeline [30], which pro-
vides a fully automated workflow from raw detector images to structure identification (figure 1). Despite
this progress, several challenges remain unresolved. Non-maximum suppression (NMS) is a structural
necessity in region-based detectors such as Faster R-CNN, and is applied at multiple stages to suppress
detections close to higher-confidence ones. This is especially problematic in GIWAXS, where Bragg peaks
frequently lie on top of Debye—Scherrer rings, and where multiple peaks from structurally complex or
multiphase samples may overlap. Additionally, the detection of low-intensity peaks, which blend into the
scattering background or are obscured by the contrast correction, remains an unsolved issue [29]. These
limitations directly affect the quality of all downstream analyses, motivating the development of a more
capable detection model. In this work, we address these limitations by employing a transformer-based
object detection model, DINO-DETR [31], adapted to the properties of GIWAXS data.

A transformer-based model, such as DETR [33], offers several advantages over Faster RCNN: It sim-
plifies the object detection pipeline by removing manually parameterised components, such as anchor
boxes and region proposals. Unlike previous models, DETR uses bipartite matching and views object
detection as a set prediction task. While DETR does not require NMS by design, we optionally apply a
NMS step as post-processing to reduce duplicate detections on GIWAXS data, as described in section 3.

We employ DINO-DETR [31], an advancement of DETR that achieves higher average precision (AP)
through multiple modifications: It uses features from multiple scales to better detect small objects; the
contrastive denoising training adds negative samples to stabilise the training; the deformable attention
increases the computational efficiency; and the mixed query selection helps to better initialise the queries
(figure 3). Since GIWAXS features are elongated in the azimuthal direction, we modified the standard
square attention windows to be elongated in the vertical dimension as described in section 2.2. To isolate
the effect of our modification, we conduct an ablation study by evaluating three additional variants with
different backbones: the standard Swin-L backbone with unmodified square attention windows, the stan-
dard ResNet-50 [34] backbone, and the modified ResNet-50 from [28]. We trained all variants on sim-
ulated data and evaluated them on experimental GIWAXS patterns. The resulting peak detection model
outperforms the existing Faster R-CNN-based approach. Our work, including the model, is published on
GitHub and integrated into the mlgid [30] pipeline for direct use by the research community.

2. Method

2.1. Data preparation

GIWAXS patterns contain objects that differ significantly from those in benchmark datasets such as
Microsoft COCO: Common Objects in Context [35]. Due to the symmetry, in most cases, the scat-
tering features in the measured patterns represent arcs (i.e. Debye—Scherrer rings) or their segments

(i.e. Bragg peaks) of increased intensity (figure 1(b)). The data is brought into a shape better suited for
object detection by converting it into quasi-polar coordinates, which align better with the rectangular
convolutions and attention windows used for our model. In this representation, the horizontal axis cor-
responds to the radial dimension and the vertical axis represents the azimuthal angle as described further
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Figure 1. The mlgid pipeline processes raw detector data (a) by first converting it to reciprocal space coordinates using the
pygid [32] software (b). This intermediate output is then contrast-corrected, remapped into polar and quasipolar coordinates,
and subjected to Bragg peak detection (c). Finally, the results are converted back to reciprocal coordinates (d) for further analysis,
such as structure identification (e). This paper focuses on the Bragg peak detection step (c). The shown data is a thin film of 2D
lead halide perovskite (PDMA)Pbl, on TiO;|indium tin oxide|glass substrate.

in section 2.1.2. In these coordinates, the features become oriented along the vertical (azimuthal) direc-
tion (figure 1(c)), which makes them compatible with the rectangular bounding boxes.

2.1.1. Data simulation

To overcome the scarcity of labelled experimental data for training, we utilised a simulation built upon
the PyTorch-GPU implementation described in [28]. The simulation covers a wide range of realistic
GIWAXS patterns, sampling 2—400 objects per image, including scattering background, diverse artefacts
and Bragg peaks superimposed on Debye—Scherrer rings. The patterns are simulated in either polar or
quasipolar coordinates with the size of 1024x512 pixels (W x H, width corresponds to the radial dimen-
sion, and height to the azimuthal one). The 2D-Gaussian-shaped Bragg peaks and 1D-Gaussian-shaped
Debye—Scherrer rings are created in arbitrary positions, offering the advantage of not being bound to

a material. The radial peak widths range from 1 to 5 pixels, while the radial ring widths vary between

2 and 15 pixels. Azimuthal positions extend from 0 to 110% of the image height to account for oft-
detector features, with azimuthal extents of peaks spanning 1-10 pixels and ring extents in the azimuthal
direction of 50-512 pixels. The ground-truth bounding boxes are defined at the generated peak/ring
positions with their sizes equal to the corresponding full-width-half-maximum (FWHM) widths of the
Gaussians. Ring and peak intensities are randomised within the ranges of 4%—-100% and 10%-100%

of the maximum intensity, respectively. A variety of different noise types is added to the images. With
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Figure 2. (a, b) Exemplary simulated patterns used for training: (a) in the polar geometry with prominent peaks atop of rings,
(b) in the quasipolar geometry with a simulated glass background. Both examples show peak intensity variations similar to those
observed in experimental patterns, and incorporate histogram equalisation.

a probability of 50%, the Poisson noise emulating the detector counting noise is added to the images.
Hot pixels are added to 20% of images with a per-pixel probability of 0.001. Additionally, with a prob-
ability of 50% each, the images are modulated with Perlin noise and augmented with substrate scatter-
ing features, salt-and-pepper noise and detector gaps. Contrast adjustments and normalisation are per-
formed using logarithmic scaling, histogram equalisation and a smoothing operation. The smoothing
step applies a 3 x 3 low-pass convolution kernel that introduces mild spatial averaging while largely
preserving the original intensity distribution. Images also undergo random horizontal or vertical flips,
each applied with a probability of 0.3. Exemplary simulated patterns produced by this procedure in polar
and quasipolar coordinates, are shown in figures 2(a) and (b), respectively. The background region out-
side the patterns is assigned a constant intensity value that is randomly sampled from the [0,1] interval
for each individual pattern. All simulated images have a size of 1024x512 pixels (W x H) and a single
colour channel.

2.1.2. Experimental data conversion and annotation

The raw experimental data should first be converted from the detector pixel coordinates (figure 1(a))
into physically meaningful cylindrical coordinates (Q||, Q;) in reciprocal space (figure 1(b)). There exist
various scripts for this data reduction step [36—39]. For the present work, we employed the pygid pack-
age [32] due to its high performance and seamless integration into the mlgid pipeline. At this stage, the
solid angle and polarisation corrections, and background subtraction were applied. We then converted
the patterns into polar (|Q|, ¢) (figure 1(c)) and quasipolar (|Q|, Q) (figure 1(c)) reciprocal coordinates
defined as:

1/2
Q| = (Qﬁ —|—Q|2|) , ¢ =arctan <8—|Z|> , Qg =|Q|arctan (8—;) . (1)

For the evaluation of the performance of the proposed peak detection approach, the experimen-
tal dataset should be manually labelled. However, GIWAXS patterns can contain hundreds of Bragg
peaks with varying intensities that may be hard to distinguish from the underlying background signal.
Together, these factors make the annotation a complex and time-consuming task that requires expert
knowledge [38, 40]. Therefore, we used the m1gidGUT software [41] as an efficient approach for labelling
and fitting of all scattering features. Each Bragg peak or Debye—Scherrer ring is fitted with a Gaussian
profile on top of a linear background. The labelled bounding box widths are determined by the FWHM
widths of the fitted Gaussian function.

2.1.3. Histogram equalisation

The intensity ranges and distributions of experimental images vary depending on the exposure time, the
material being examined, the detector used, and other measurement conditions [8]. In order to ensure
robust performance of the vision-based object-detection models, it is essential to normalise the intensity
values to a standardised scale between 0 and 1 [42]. Additionally, we applied histogram equalisation to
increase the image contrast and therefore the low-intensity peaks. Our preprocessing pipeline is as fol-
lows. We clip 0.1% of pixels with the highest intensity values and 5% of pixels with the lowest values.
Then we normalise the remaining values to a [0, 1] interval, and finally apply histogram equalisation to
enhance the contrast.
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2.2. Architectural adaptations

We transformed both the simulated and experimental data into quasi-polar coordinates which align
better with the rectangular convolutions and attention windows used for our model. However, even in
these coordinates, the features are remarkably different and diverse from those in standard datasets. For
instance, the Debye—Scherrer rings are elongated in the azimuthal (vertical) direction and span over the
whole image, while some of the Bragg peaks span only a few pixels. The features also have substantially
different intensities and can overlap in the horizontal direction. Therefore, a good performance on pub-
lic benchmark datasets does not necessarily translate to an effective analysis of GIWAXS data. To account
for these features, we modified both the ResNet-50 and the Swin-L backbones of DINO-DETR.

For the ResNet-50, we relied on the modifications presented in [28], which show strong performance
through the use of feature maps elongated in the vertical direction. Specifically, the feature map dimen-
sions were adjusted to (128x64x128), (256x32x128), (256x32x128), and (256x16x128) (Cx W x H)
for the input patterns with the size of 1024x512 pixels (W x H).

The Swin-L backbone is a hierarchical vision transformer that constructs feature representations
through shifted windows. Unlike traditional convolutional networks, Swin-L leverages a multi-stage
architecture where image patches are progressively merged, forming a hierarchical representation that
captures both fine-grained local details and high-level semantic information. We adapted the atten-
tion windows to shapes elongated in the vertical direction, as shown in figure 3, increasing the window
dimensions from (12x12) tokens to (12x24) tokens (W x H). Given the model’s four-scale design and a
token size of 4 x 4 pixels, these modified windows translate into effective receptive field sizes of (48x96),
(96x192), (192x384), and (384 x768) pixels (W x H) across the different stages.

DINO-DETR uses a contrastive denoising approach to stabilise the training and accelerate con-
vergence. Here, noise is added to the labels during the training process. One of the noise parameters
(Adn—xy) affects the lateral shift of the labels, another (Agn—wn) affects the change in the label sizes. Since
Bragg peaks are typically elongated in the azimuthal direction and have a smaller size in the radial direc-
tion than objects in the COCO datasets, we found that different parameters are needed for GIWAXS
data. Therefore, we chose for A4y, the value 0.05 (compared to 0.2) and 0.8 for (Agn_wh) (compared
to 0.2). We trained all models with an initial learning rate of 1072, a batch size of 2, and 1000 sim-
ulated images per epoch. Training proceeded for 350 epochs, reducing the learning rate to 10~ after
280 epochs. We trained all variants on simulated data as described in section 2.1.1. All training hyperpa-
rameters and architectural settings, including deviations from the standard DINO-DETR configuration
are summarised in table Bl in the supplementary information.

3. Results

To evaluate the performance of our models, we used the metrics described in [29], including the Average
Precision based on the overlap in the radial direction (AP,). All evaluations are performed on a standard
workstation with an Intel Core i5-9600K@3.70 GHz and an NVIDIA RTX 2080 Ti GPU with 11 GB of
GDDR6 memory. We tested our peak detection solution on two representative datasets, both derived
from materials commonly studied in GIWAXS experiments: one containing data from hybrid perovskite
films collected during various crystallisation and annealing steps, and the other containing data from
organic thin films [43].

3.1. Performance on perovskite data

The perovskite dataset was initially described in [29]. It includes GIWAXS patterns collected in-situ dur-
ing spin-coating and annealing of 2D and 3D perovskite thin films as detailed in [44]. These films fea-
ture a range of different compositions, including various cations, anions, and spacer molecules. The
GIWAXS patterns capture scattering features from the final perovskite structures, intermediate products,
and precursors. All samples were prepared on substrates of indium tin oxide or fluorine-doped tin oxide,
often supplemented with titanium oxide layers. The dataset consists of 45 expert-labelled images con-
taining 1815 objects to detect. Full details of the dataset composition, substrates, and beamline configu-
rations are provided in the supplementary information (section A and table Al). Table 1 compares the
DINO-DETR model with four different backbones against the Faster R-CNN baseline of [28]. Among
all evaluated configurations, our proposed Swin-L backbone with elongated attention windows of size
12 x 24 achieves the highest performance, reaching an AP, of 75.5. The three reference configurations,
the standard Swin-L with square 12 x 12 windows, the standard ResNet-50, and the modified ResNet-
50 of [28] all fall substantially short of this result. For completeness, the modified Faster R-CNN from
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a) b) SWIN-L backbone with elongated attention windows
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Figure 3. Overview of the DINO-DETR-based peak detection model and its integration into the m1gid pipeline. (a) The full
analysis workflow, from raw data acquisition and conversion using pygid [32] through contrast correction and DINO-DETR

for peak detection, to optional post-processing via NMS, conversion to reciprocal space, and structure identification. (b)
Architecture of the DINO-DETR model. The input image (1024 x512x 1 pixels, W x H x C) is fed into a modified Swin-L back-
bone with elongated attention windows, producing multi-scale feature maps at four receptive field sizes. The resulting features
are passed to a transformer encoder—decoder with 256 hidden dimensions, 2048 feed-forward dimensions, 6 layers, 8 heads, and
4 deformable attention points per head. The decoder operates on 900 object queries initialised from 900 anchor points and is
trained with contrastive denoising, which adds negative samples to stabilise the training. NMS is applied as an optional post-
processing step; its effect on detection performance is evaluated in table 1. After post-processing, the model outputs 150 peak and
ring predictions per image.

Table 1. Comparison of DINO-DETR variants based on #parameters, latency, AP,, and AP, without NMS.
The standard Swin-L backbone is used as is with a patch size of (4 x4) and a window size of (12x12). The
modified Swin-L backbone uses a patch size of (4x4) and a window size of (12x24), as described in
section 2.2. The results for the modified Faster R-CNN are taken from [28]. All results were obtained for an
input size of 512 1024 pixels and a batch size of 1. Bold values indicate the best result.

Model #Parameters Latency (ms) AP, AP, without NMS
DINO + SWIN-L 12 x 24 windows 218 M 191 75.5 67.3
DINO + SWIN-L 12x 12 windows 217M 157 74.4 52.3
DINO -+ ResNet-50 49 M 149 72.7 56.5
DINO -+ ResNet-50 from [28] 26 M 186 64.1 354
ModifiedFaster R-CNN [28] 23 M 149 69.9 —

[28] is also included, DINO-DETR with our modified Swin-L backbone yields a significant gain in AP,
at the cost of only a 50 ms increase in latency.

DETR-based models can be operated without NMS [45]. While our method does not completely
remove NMS, it is applied just once during post-processing with a maximum IoU of 0.3. This approach
effectively removes duplicate detections while preserving most of the Bragg peaks on the Debye—Scherrer
rings as shown in figure 4(e). We also tested our method without NMS. The results can be found in the
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Figure 4. An example of Bragg peak detection results on the identical data shown in figure 1: (a)—(c) DINO + modified Swin-L

and (d)—(f) modified Faster R-CNN. Panels (b)—(c) and (e)—(f) show enlarged parts of the pattern in (a) and (d) with the most
prominent differences in the resulting detected peaks.

Table 2. Labelling criteria for the three confidence levels.

Confidence level Criteria
High — Bright rings, bright peaks, the brighter peak if two are close to
each other.

— If a Bragg peak is on top of a Debye—Scherrer ring, the
underlying ring gets the label high.

Medium — Medium intensity peaks and rings, medium intensity peaks near
the missing wedge.
— Medium intensity peaks if they span over a detector gap.

Low — Low intensity peaks and rings, peaks near the missing wedge,
peaks over a detector gap.
— The less bright peaks if two are close to each other.

right column of table 1. While this was a functioning solution, it did not improve the performance com-
pared to the Faster R-CNN method. However, omitting NMS could be useful in scenarios where many
peaks significantly overlap. This is particularly important for samples with feature-rich GIWAXS pat-
terns due to the presence of thin film peaks on top of substrate rings and/or the coexistence of multiple
phases caused by the structural complexity of the studied materials.

While high-intensity Bragg peaks are generally easy to detect, those with lower intensity often blend
into the scattering background. Additionally, peaks overlapping with Debye—Scherrer rings can be hard
to detect. To reflect the varying detection difficulty for Bragg peaks, we categorised them into three levels
of complexity based on their visual ambiguity and proximity to nearby peaks. Table 2 shows the exact
criteria used to select the three levels.

We evaluated both the modified Faster R-CNN and DINO with the modified Swin-L backbone and
calculated the AP, for each confidence level, as shown in table 3. We observe a clear advantage of the
transformer model in the medium- and low-confidence categories.

As shown in figure 2, we used two different polar conversions. They both have their advantages.
While the quasipolar conversion on the left in figure 2 keeps the aspect ratio of all features the same
and thereby does not distort the size of pixels, the one on the right increases the size of small features
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Table 3. Average precision for different confidence levels and geometries. Bold values indicate the best result in each category.

AP, high AP, medium AP, low AP, polar AP, quasipolar
Model confidence confidence confidence geometry geometry
DINO with modified Swin-L 89.5 81.7 58.0 75.5 75.0
Modified Faster R-CNN 89.1 77.4 46.3 69.9 67.6

Table 4. Average precision for the high, medium and low confidence levels of the organic dataset. Bold values
indicate the best result in each category.

Model AP, high AP, medium AP, low Overall AP,
DINO with modified Swin-L 65.5 50.9 26.4 49.3
Modified Faster R-CNN 54.1 34.4 19.1 38.3

for low |Q| values and is therefore beneficial for detecting small peaks. We trained the models on both
geometries and noticed a better performance on the polar geometry, as shown in table 3.

3.2. Performance on organic films

To demonstrate that our approach generalises beyond perovskite systems, we also evaluated it on a
dataset measured from small-molecule organic thin films. The dataset includes both well-oriented sam-
ples with sharp Bragg peaks — such as p-quaterphenyl (4P), dibenzotetrathiafulvalene (DBTTF), diin-
denoperylene (DIP), pentacene (PEN), and zinc phthalocyanine (ZnPc) — and 3D-powder-like samples,
including buckminsterfullerene (Cqp) and hexaazatriphenylenehexacarbonitrile (HATCN), which exhibit
Debye—Scherrer rings with almost uniform distributions of scattering intensity along the azimuthal
direction. The thin films were fabricated by thermal evaporation in a vacuum chamber on silicon sub-
strates. Details of the deposition technique are described in [46]. The GIWAXS measurements were con-
ducted at the ID10-SURF beamline of the European Synchrotron Radiation Facility (France) using an
EIGER2 CdTe 4M detector and an x-ray beam of wavelength A = 0.62 A at different incidence angles
ranging from 0.06° to 0.12°. The frame with the highest Bragg peak intensity (acquired slightly below
the critical angle of the substrate) was used for further analysis.

The datasets of 4P, DBTTF, DIP, and PEN contain several hundred diffraction peaks, whereas the
powder-like patterns comprised up to 20 rings, yielding a total of 684 features across 8 images. Full
details of the dataset composition, substrates, and beamline configurations are provided in the sup-
plementary information (section A and table A2). Closely spaced and weak peaks make the detection
task inherently more challenging, resulting in a considerably lower AP, than in the perovskite dataset.
As observed for the perovskite dataset, the transformer-based DINO-DETR model again shows supe-
rior performance, achieving an AP, of 49.3, substantially higher than the 38.3 obtained with Faster R-
CNN, as summarised in table 4. An example of the corresponding detections is provided in figure 5,
with DINO-DETR showing a notably larger number of correctly identified peaks.

3.3. Real-time application

For real-time applications, especially in closed-loop experiments, the speed of inference, preprocessing,
postprocessing, and hardware requirements are just as critical as the AP,. To provide a realistic evalu-
ation of the real-time capabilities, we measured the required pre- and post-processing time. Our pre-
processing pipeline involves converting raw detector data to polar coordinates, followed by a contrast
correction. The post-processing consists of NMS and the application of a minimum confidence thresh-
old. We report the corresponding latencies in table 5, we consider the resulting latency of 279.5 ms fast
enough for real-time experiments.

The CPU-based implementation relies on pygid [32] and NumPy [47], whereas the GPU-based
implementation leverages CuPy [48], a NumPy-compatible library that enables efficient array opera-
tions on CUDA and AMD ROCm-enabled devices. Note that the preprocessing latency is only relevant
for in-situ applications. For ex-situ applications, the pre-processing steps can be buffered or performed in
parallel, so a GPU implementation of the preprocessing steps does not provide a significant advantage.
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Figure 5. An example of Bragg peak detection results on a GIWAXS pattern from an organic thin film: (a)—(c) DINO + modified
Swin-L and (d)—(f) modified Faster R-CNN. Panels (b) and (d) show enlarged parts of the pattern in (a) and (c) with the most
prominent differences in the resulting detected peaks.

Table 5. Latency of pre- and post-processing steps as well as inference.

Step Latency CPU (ms) Latency GPU (ms)
Generation of the remapping grid for detector images to polar coordinates (|Q|, ¢) *° 80 —

Remapping of detector images to polar coordinates (|Q|, ¢) 3 —

Contrast correction 5 2

Sum pre-processing 88 85

Inference'® — 191
Post-processing .5 .5

 This step needs to be performed only once for all raw images acquired under identical experimental conditions.
® This step uses pygid, which currently only provides a CPU implementation.
°DINO-DETR is currently available only with CUDA support.

4, Discussion and conclusion

We achieved a significant performance improvement in Bragg peak detection for GIWAXS data by using
a transformer-based object detection model. Our results on two experimental datasets of diverse com-
positions show that this approach outperforms existing methods in identifying weaker peaks, peaks
superimposed on rings and closely spaced peaks. The elongated attention windows of the modified
Swin-L backbone (12 x 24 tokens in W x H) provide a physically motivated inductive bias. They allow
the model to simultaneously attend to the azimuthally extended profile of Debye—Scherrer rings and

to smaller peaks. Bipartite matching is beneficial for detecting closely spaced and overlapping peaks.
Each learned query is forced by the Hungarian matching loss to attend to a unique object, which means
the model is trained to disentangle peaks even when they are close to each other. This is in contrast

to NMS-based detectors, which merge detections above an IoU threshold and therefore fail when two
detected peaks produce bounding boxes with high overlap. Although we optionally apply a NMS step as
post-processing to prune duplicate predictions (section 3), this differs fundamentally from the structural
role NMS plays in region-based detectors. The deformable attention, with its 4 learned sampling points
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per head, further supports this. Rather than integrating over a fixed region, the model can place sam-
pling points selectively at the intensity maxima of individual peaks within a crowded region, allowing
it to resolve their positions independently. The improvement in AP, for medium- and low-confidence
peaks (tables 3 and 4) is consistent with this interpretation, as these categories include peaks on rings
and closely spaced peaks. The ability to train transformer models end-to-end is an additional strength,
enabling joint training with downstream components of the analysis pipeline. For example, the peak
detection model could be combined with a structure matching algorithm for automated identification
and tracking of perovskite formation, as demonstrated in Starostin et al [28]. Looking further ahead,
the attention mechanism allows peak tracking across time frames in in-situ experiments. Rather than
relying on graph optimisation or regression, transformer attention layers can correlate features between
frames [49, 50], enabling joint detection and tracking in a single model. To maximise accessibility and
usability for research scientists, we have integrated DINO with modified Swin-L into the mlgid pipeline
(figure 1). With a much stronger peak detection, the entire m1gid pipeline profits, leading to more
robust results and higher confidence in subsequent analysis steps (e.g. structure determination). The
studied model could potentially also be applied to other datasets with large dynamic range and weak
signal-to-noise ratio.
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