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13 Abstract

14 Aircraft contrails are an important source of aviation's non-CO2 climate effects, and fine-scale satellite
15 observations provide a means of characterizing their spatial structure. Distinguishing narrow, adjacent, and
16 overlapping contrails from complex backgrounds requires reference data with explicit pixel-level annotations.
17 We present ContrailStruct30, a three-band thermal-infrared contrail segmentation dataset derived from
18 Sustainable Development Science Satellite 1 (SDGSAT-1) observations at 30 m nominal sampling. The
19 dataset contains 19,455 patches of 256 x 256 pixels from 819 source-scene entries acquired on 305 dates
20 between August 2022 and September 2024, including 9,023 positive patches and 10,432 deliberately selected
21 difficult negatives. Each sample provides an enhanced RGB image, corresponding three-band source values
22 stored as uintl6, and a human-corrected binary mask. Construction began with 300 manually annotated
23 patches identified through ADS-B-assisted searches and continued through four rounds of model-assisted
24 annotation, manual correction, and expert review. Fixed training, validation, and test partitions separate both
25 source scenes and acquisition dates. As an application baseline, we developed a MaxViT-U-Net
26 segmentation model and compared it with three public models under a shared training protocol to evaluate
27 foreground recovery, centerline agreement, and difficult-background discrimination. Across three training
28 seeds, the baseline achieved a mean positive-patch test Dice of 0.8230 + 0.0056 (mean + standard deviation),
29 with strong foreground overlap and centerline agreement in the common evaluation. By combining fine-scale
30 thermal-infrared observations, diverse contrail morphologies, expert-reviewed labels, and corresponding
31 image representations, ContrailStruct30 provides a reusable resource for extracting fine contrail structures
32 and developing and evaluating high-resolution segmentation methods. The dataset presented in this study
33 corresponds to Version 3, which is publicly available via Figshare at
34 https://doi.org/10.6084/m9.figshare.33435496.v3 (Yu et al., 2026).

35 1 Introduction

36 Aircraft contrails are ice clouds produced by aviation whose formation and evolution depend on ambient
37 temperature, humidity, and atmospheric dynamics. When hot, moist aircraft exhaust mixes with cold ambient
38 air, liquid droplets can form and freeze into ice crystals under suitable conditions, producing an initial
39 contrail. Contrails may then dissipate rapidly or persist in ice-supersaturated air, spreading and deforming
40 under wind shear and turbulence to develop into more extensive contrail cirrus (Schumann and Heymsfield,

41 2017; Kaércher, 2018). These anthropogenic ice clouds alter Earth's longwave and shortwave radiation
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42 budgets, with their net effect depending on cloud optical properties, background conditions, and the diurnal
43 cycle. In the global mean, contrail cirrus is an important warming component of aviation's non-CO2 climate
44 effects. Observations of contrail distribution and morphology therefore underpin understanding of aviation's
45 atmospheric impacts (Burkhardt and Kércher, 2011; Lee et al., 2021).

46 Satellite remote sensing enables contrail observations across diverse geographical regions and atmospheric
47 conditions. Thermal-infrared observations are independent of solar illumination and can exploit radiative
48 contrasts between targets and their backgrounds for both daytime and nighttime identification. Contrails,
49 however, do not always appear as distinct, isolated lines. Narrow targets may occupy only a few pixels,
50 diffuse margins may merge with natural cirrus, and multiple contrails may lie close together, intersect, or
51 overlap. Natural cloud edges and linear surface features can also exhibit similar local geometries. Fine-scale
52 contrail observations thus require more than determining whether a target is present: they also require

53 delineating its discernible extent, continuity, and boundary with the surrounding background.

54 Thermal-infrared contrail detection has progressed from image processing based on spectral differences and
55 linear geometry to deep learning applied to large satellite archives (Mannstein et al., 1999; Meijer et al., 2022;
56 Ng et al., 2024). As the task extends to pixel-level segmentation, reference labels must likewise move
57 beyond image-level presence to describe spatial structure explicitly. This involves tracing discernible
58 foreground, preserving background gaps between adjacent structures, and handling intersections, occlusions,
59 and diffuse margins. For targets occupying a small fraction of an image, omitting a short segment or
60 incorrectly joining adjacent structures can substantially change their geometry even when few pixels are
61 affected. Representative difficult negatives are also needed to assess whether models reject backgrounds that
62 resemble contrails. Target morphology, background composition, and annotation detail therefore jointly
63 determine what models can learn and which errors an evaluation can reveal (Zhu et al., 2017; Ma et al., 2019;
64 Zlateski et al., 2018).

65 Existing contrail datasets provide complementary resources based on different observing systems and
66 annotation tasks (Table 1). OpenContrails combines GOES-16 ABI image sequences, pixel annotations, and
67 flight-density information to support detection using temporal context (Ng et al., 2024). Human-labeled
68 Landsat-8 data extend reference observations to multispectral imagery with finer spatial sampling
69 (McCloskey et al., 2021). The MSG/SEVIRI dataset provides three independent annotations per scene
70 alongside satellite channels and cloud properties, enabling analyses of cloud conditions and interpretation
71 differences (Santos Gabriel et al., 2026). The ground-based visible-camera dataset GVCCS supports contrail
72 segmentation and tracking through image sequences and temporally consistent instance identifiers, together
73 with model application examples (Jarry et al., 2026). These resources have advanced contrail observation
74 and automated identification, although the detail they represent depends on their spatial sampling, imaging
75 conditions, and annotation protocols. In kilometer-scale thermal-infrared imagery in particular, mixed pixels
76 can obscure narrow contrails and gaps between adjacent structures. This motivates finer-scale imagery and

77 pixel-level references that retain local contrail morphology.

78 SDGSAT-1 provides three spatially registered thermal-infrared bands at 30 m nominal sampling, enabling
79 detailed observations of contrails over diverse land, ocean, and cloud backgrounds (Hu et al., 2022; Guo et
80 al., 2025). Under suitable imaging conditions, these observations reveal narrow cores, adjacent parallel
81 structures, local gaps, and intersections, providing material for studying compact morphologies and

82 identifying candidate early-stage contrails. Three-band combinations and enhancement also translate

2
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83 interband radiative differences into color and texture contrasts that aid interpretation. In the enhanced
84 representation used here, for example, some contrails appear brownish whereas some natural cirrus
85 backgrounds appear darker; these contrasts can be interpreted together with linear geometry and full-scene
86 context. Such colors depend on processing and scene conditions and are therefore used alongside structural
87 evidence. The earlier SDGCONTR dataset addressed image-level recognition and classification in SDGSAT-
88 1 imagery (Yu et al., 2024). Fine-scale morphological analysis and segmentation development require a

89 large-scale resource that organizes these observations with pixel-level masks.

90 We therefore present ContrailStruct30, a dataset for three-band thermal-infrared contrail segmentation. It
91 contains 19,455 patches spanning diverse contrail geometries and difficult-negative backgrounds, each with
92 an enhanced RGB image, corresponding three-band uintl6 source values, and a human-corrected binary
93 mask. We describe dataset construction, annotation, and composition; reassess labels using source-scene
94 context; and provide fixed training, validation, and test partitions that separate both source scenes and
95 acquisition dates. We also develop a MaxViT-U-Net segmentation baseline and compare it with three public
96 models under a shared training protocol to evaluate foreground recovery, fine-structure segmentation, and
97 difficult-background discrimination. A controlled experiment using the corresponding RGB and uintl6
98 images illustrates the dataset's use in preprocessing research. Together, the fine-scale thermal-infrared
99 observations, expert-reviewed pixel labels, and companion baseline provide a reusable basis for automated
100 extraction and evaluation of contrail structure.

101 Table 1. Complementary contrail reference datasets. Spatial sampling refers to the source sensor; the detail

102 represented by labels also depends on preprocessing and annotation protocols. Dataset sizes follow the cited
103 publications.

suoIssnoasiq

104

105
106
107
108
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OpenContrails (Ng et GOES-16 ABI;, 2 km 20,544 tra1n1ng gnd Four annotators; pixel-level Eight-frame  sequences  and
. R . 1,866 validation X R

al., 2024) infrared sampling at nadir samples consensus advected flight density

Landsat-8
(McCloskey et al.,
2021)

MSG/SEVIRI
(Santos Gabriel et al.,
2026)

GVCCS (Jarry et al.,
2026)

SDGCONTR (Yu et
al., 2024)

ContrailStruct30 (this
study)

30 m cirrus band; 100 m
native thermal-infrared
bands

SEVIRI; 3 km nominal
sampling

Visible whole-sky camera

SDGSAT-1 TIS

SDGSAT-1 TIS; 30 m
nominal sampling

4,289 scenes

140 scenes

122 video sequences

Image patches
classification

19,455 patches

for

Manually drawn contrail
polygons

Three independent
annotations  per  scene;
majority consensus

Instance polygons; technical
and expert review

Image-level class labels

Model-assisted delineation,
manual correction, and
expert review

Multispectral imagery and flight-
density information

Multitemporal imagery, satellite
channels, and cloud properties

Image sequences
trajectory overlays

and flight-

Enhanced three-band imagery

Source-scene interpretation and
corresponding uint16 images

2 Observations and dataset construction

2.1 Source observations and sample selection

ContrailStruct30 was constructed from observations acquired by the Thermal Infrared Spectrometer (TIS)
aboard Sustainable Development Science Satellite 1 (SDGSAT-1). The instrument provides three spatially
registered thermal-infrared bands spanning 8.0-10.5, 10.3-11.3, and 11.5-12.5 pm, with 30 m nominal
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109 sampling and a 300 km swath (Hu et al., 2022; Guo et al., 2025). The imagery used here was acquired
110 between 26 August 2022 and 4 September 2024 and covers diverse land, ocean, and cloud backgrounds.

111 Figure 1 illustrates the observational setting and representative backgrounds.

112 Sample selection sought to cover diverse contrail morphologies and potentially confounding backgrounds.
113 Initially, historical Automatic Dependent Surveillance—Broadcast (ADS-B) trajectories obtained from
114 ADSB.lol helped locate aircraft and associated candidate structures. Interpretation of these candidates in full-
115 scene imagery produced an initial set of 300 manually annotated patches. Subsequent downloads prioritized
116 source scenes traversed by aircraft flying above 7,000 m, and manual inspection and model screening
117 identified regions for annotation. ADS-B guided scene searches and interpretation, whereas image evidence

118 and annotation rules determined the delineated contrail extent.

119 All samples were cropped to 256 x 256 pixels, approximately 7.68 km x 7.68 km at the nominal sampling
120 interval. Extraction combined overlapping grid crops with a 128-pixel stride and patch selection within
121 approximately 1024-pixel neighborhoods around candidate targets. This covered distinct linear targets,
122 adjacent or intersecting structures, natural cloud backgrounds, and regions that repeatedly triggered false
123 detections. For locally ambiguous features, annotators could examine the original full scene and consult
124 ADS-B trajectories and ERAS data (Hersbach et al., 2020).

SDGSAT-1
g

Ihcl‘iﬁziiljln/fhu*e\d Spectrometer

I‘h\ﬂuencin
Cloud Formation

i S

125
126 Figure 1. SDGSAT-1 TIS observational setting and representative image backgrounds. The upper schematic
127 illustrates the satellite, aircraft-induced cloud structures, and their environment; the lower panels show
128 vegetation, desert, cloud, built-up, mountain, and ocean backgrounds. The figure provides observational
129 context; quantitative analyses in this study concern dataset patches, reference masks, and segmentation
130 predictions.
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131 2.2 Image enhancement and corresponding representations

132 Each sample provides an enhanced three-channel RGB image and corresponding three-band source values on
133 the same pixel grid, sharing one reference mask. Enhanced images are stored as 8-bit PNG files for visual
134 interpretation and model training, whereas source-value images are stored as uintl6 TIFF files to support
135 alternative channel transformations and normalization methods. The uint16 designation describes the storage

136 type; the instrument uses 12-bit quantization (Hu et al., 2022).

137 Enhancement follows the three-band preprocessing approach of Yu et al. (2024) and is applied after patch
138 extraction. All means and percentiles are calculated within the individual 256 x 256-pixel patch. First, zero

139 values in each band are replaced with the mean of its nonzero pixels.

140 Let source band ¢ be D, where ¢ € {1,2,3}, and let D’; denote the band after zero replacement. Q, denotes
141 the gth percentile of the relevant variable within the current patch. Linear stretching between the minimum
142 and 95th percentile of the filled band produces the initial display channel:

— i : D'c—Qy(D'c)
143 SC = uint8 (255Cllp [WEQO(D,C),O,I:I) (1)

144 Here, clip restricts values to [0, 1], and uint8 denotes conversion to an 8-bit unsigned integer. Bands 1, 2, and

145 3 are mapped to the red, green, and blue channels, respectively.

146 Spectral selection conditions calculated from the source values before zero replacement are then used to
147 adjust saturation at selected pixels. The intermediate radiance and brightness-temperature variables used in

148 the display transformation are

149 L.=g.DD.+b, )
— KZ,C
150 €7 In(1+Kqc/Le) Q)

151 Here, g, and b, are the gain and offset of the linear conversion, and K; . and K, . are brightness-temperature
152 conversion constants (Table 2). Defining R,3 = D,/(Ds +107%) and R,; = D,/(D; +107%) , the

153 saturation-adjustment region M is the intersection of three conditions:

154 M = [T, < Qgo(T2)] N [R23 > Quo(R23)] N [R21 < Qs0(R21)]- “

155 For pixels satisfying these conditions, saturation in the OpenCV HSV representation is multiplied by 1.2,
156 clipped to the 8-bit range, and converted back to RGB. Computations use float32 source arrays and linearly
157 interpolated percentiles; conversion to uint8 truncates fractional values. Zero replacement is used only in Eq.

158 (1), whereas Eqgs. (2)—(4) use the unfilled source bands. All statistics are calculated within the current patch.

159 This procedure combines local intensity variation and interband differences into an enhanced representation
160 for interpretation. The same display-transformation coefficients are used across source-product processing
161 categories in the dataset. These coefficients define the enhancement procedure; physical interpretation of
162 source values follows the calibration relationships of the corresponding SDGSAT-1 products. Enhanced
163 RGB images are used in the main segmentation experiments, and the corresponding uint16 images support a

164 controlled input-representation comparison.
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165 Table 2. Bands and fixed coefficients used for the patch-local display transformation. These coefficients
166 describe the enhancement implementation rather than a new product-level radiometric calibration.

Property Band 1 Band 2 Band 3
Spectral range (um) 8.0-10.5 10.3-11.3 11.5-12.5
Display channel Red Green Blue

Gain, g, 0.003947 0.003946 0.005329
Offset, b, 0.167126 0.124622 0.222253
Kl,c 1655.627802 838.7063188 543.0579522
KZ’C (K) 1542.760922 1342.718697 1232.021436

167 2.3 Model-assisted expansion, manual correction, and expert review

168 Dataset construction combined model-assisted annotation with manual review (Fig. 2). Building on the initial
169 300 patches, two senior experts jointly developed an annotation handbook covering target interpretation,
170 boundary delineation, separation of adjacent structures, and treatment of complex cloud backgrounds. The
171 sample pool was then expanded through four iterations. In each round, accepted samples were used to train a
172 screening model that generated candidate masks for previously unseen scenes. Annotators corrected these
173 masks, and reviewed samples entered the pool for the next round. This is a model-assisted annotation process

174 centered on human interpretation and correction (Budd et al., 2021).

175 The screening network used for dataset construction combined a MaxViT-Base encoder with a U-Net-style
176 decoder and a training objective comprising weighted binary cross-entropy, Tversky, and clDice losses
177 (Ronneberger et al., 2015; Salehi et al., 2017; Shit et al., 2021; Tu et al., 2022). Full-scene inference used
178 reflect-padded 256 x 256-pixel windows with 50% overlap. Two-dimensional Hann weights blended
179 overlapping probability maps, and a threshold of 0.50 produced preliminary masks. This network assisted
180 candidate discovery and delineation and was used separately from the segmentation baseline trained and

181 evaluated on the final fixed partitions in Sect. 5.

182 Five annotators shared the correction work, with one annotator responsible for each patch. They consulted
183 the enhanced patch, original full-scene image, and annotation handbook to assess whether candidate
184 structures had coherent contrail morphology and could be distinguished from surrounding natural clouds or
185 surface features. Depending on the interpretation, annotators retained candidate masks, adjusted boundaries,
186 separated neighboring regions, removed false detections, or redrew targets. Cases with uncertain target

187 identity or boundaries were referred to the experts.

188 After correction in each round, the two experts reviewed a random 20% of samples and all cases flagged as
189 wuncertain. Review focused on target identification, continuity of linear structures, gaps between adjacent
190 targets, and boundary placement. Ambiguous cases were discussed jointly. Accepted labels proceeded to
191 subsequent training and dataset assembly. Thus, the model generated candidates and initial delineations,

192 while manual interpretation and expert review determined the final reference labels.
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Full-scene TIS inspection

RGB Mask uintl6
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300 hand-labelled patches

Shared annotation handbook Human correction and expert review

193

194 Figure 2. Construction of ContrailStruct30. (a) ADS-B-assisted source-scene interpretation supports the
195 initial 300-patch sample set and a common annotation handbook. (b) Four expansion rounds link model
196 training, screening of new scenes, manual correction, and expert review; accepted labels enter the next round.
197 (c) Each final sample contains an enhanced RGB image, binary reference mask, and corresponding three-
198 band uint16 image and belongs to a fixed training, validation, or test partition.

199 2.4 Annotation targets and difficult negatives

200 ContrailStruct30 uses binary semantic segmentation labels: regions interpreted as contrails are foreground,
201 and all other regions are background. Target identification considers a recognizable straight or smoothly
202 curved axis, coherent image features along that axis, and separability from the surrounding cloud field.
203 Targets include narrow cores, parallel structures, discernible discontinuous segments, and mildly diffuse

204 regions that retain clear axial organization. Table 3 summarizes common situations and their treatment.

205 Masks follow the target extent discernible in the imagery. Adjacent contrails remain separate where a
206 background gap is clearly visible; intersecting or overlapping structures are labeled as the union of their
207 discernible foreground. Partially occluded segments are connected only when their continuity can be
208 established clearly; otherwise, the background gap is retained. Connected components therefore describe

209 spatial connectivity within the annotation rather than individual aircraft or physical contrails.

210 The two experts jointly selected difficult negatives from regions prone to human misinterpretation or
211 repeated model false detections. These include natural cirrus, elongated cloud edges, linear surface
212 boundaries, and image artifacts. Samples were assessed using the same interpretation rules as positive
213 patches and assigned empty masks. Their inclusion makes recovery of contrail structure and rejection of

214 similar backgrounds joint objectives of training and evaluation.
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215 Table 3. Interpretation and delineation rules for binary reference masks.

216

217
218
219
220
221

222
223
224
225
226
227

Earth System
Science

Data

Image condition

Interpretation criterion

Mask treatment

Narrow  straight  or
curved structure

Parallel or
features

separated
Discontinuous or partly
occluded structure

Intersecting or
overlapping features

Diffuse margins around
a clear core

Natural cirrus or broad
cloud boundary

Surface feature or image
artifact

Ambiguous
identity or margin

target

Coherent signal along a recognizable axis

Distinct foreground regions and intervening
background can be identified

Visible segments and scene context jointly
support continuity assessment

Multiple axes form discernible foreground

Axial organization and separation from the
background remain discernible

The surrounding cloud field explains the
feature

Orientation follows surface context or

processing geometry

More than one interpretation is plausible

Trace discernible
segments

foreground, including narrow

Preserve separating gaps

Retain gaps unless continuity across an occlusion is
clear

Label their union as semantic foreground

Include discernible margins

Retain as background

Retain as background

Joint expert decision

3 Characteristics of ContrailStruct30

3.1 Spatial and temporal composition

ContrailStruct30 contains 19,455 patches from 819 source-scene entries acquired on 305 dates. Source-scene
entries distinguish observations by product processing level and correspond to 808 source-product identifiers.
Nominal source-scene positions range from 175.84° W to 169.22° E and from 46.21° S to 76.96° N (Fig. 3a).

These coordinates describe the source observations and the geographical composition of the dataset.

Scene and patch distributions differ because observations contribute different numbers of candidate regions.
December—February (DJF) includes 457 scene entries, March-May (MAM) 92, June—August (JJA) 57, and
September—November (SON) 213. The corresponding patch counts are 5,684, 587, 969, and 12,215. Thus,
DIJF contributes the most scene entries, whereas SON contributes the most patches (Fig. 3b, c). This
difference reflects targeted selection and the abundance of annotatable structures or backgrounds in

particular observations. The two distributions describe sampling at different levels of the dataset.
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229 Figure 3. Spatial and temporal composition. (a) Nominal source-scene positions. Symbol area increases with
230 the square root of the number of contributed patches, and color represents the base-10 logarithm of that count.
231 Country outlines are from Natural Earth. (b) Monthly numbers of source-scene entries. (c¢) Seasonal
232 proportions of scenes and patches. These distributions describe a purposefully assembled dataset rather than
233 climatological contrail occurrence.

234 3.2 Image representations and foreground morphology

235 The dataset includes 9,023 positive patches and 10,432 difficult negatives. Each enhanced PNG is a three-
236 channel uint8 image, and its corresponding TIFF contains three-band uint16 source values. The single-
237 channel reference mask encodes foreground as 255 and background as 0. Shared pixel grids and sample
238 identities link the two input representations to the same label. Source-scene identifiers, dates, and partition
239 assignments describe provenance and membership, while foreground area and connected-component counts
240 characterize reference geometry. These associations support interpretation and reuse of the images and labels
241 (Wilkinson et al., 2016; Gebru et al., 2021).

242 The examples in Fig. 4 illustrate why pixel-level labels are needed. Narrow lines occupy only a small
243 fraction of a patch but may span much of its width, and parallel features require preservation of clear
244 background gaps. Multiple and complex foreground structures combine intersections, width variation, and
245 spatially separated segments. Broad structures present a different delineation task, with margins interpreted
246 against the surrounding cloud texture. These examples show geometry recorded under the handbook rules.
247 Subsequent quantitative descriptions use foreground fraction and connectivity rather than assigning physical
248 age from shape.
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250 Figure 4. Representative reference geometries in ContrailStruct30. Columns show narrow linear foreground,
251 parallel lines, multiple foreground structures, broad foreground, and complex foreground. Rows show
252 enhanced images, binary reference masks, and overlays. Each patch contains 256 x 256 pixels,
253 approximately 7.68 km x 7.68 km at the nominal sampling interval. Discernible gaps and intersecting
254 foreground illustrate the semantic annotation rules.

255 Among positive patches, the median foreground fraction is 3.54%, with an interquartile range of 1.10%—
256 10.85% (Fig. 5a). Many targets are therefore embedded in backgrounds much larger than themselves. This
257 imbalance occurs within images, not merely in class frequencies: even a positive patch may contain very few
258 contrail pixels. Both individual positive-patch metrics and pooled pixel counts are consequently needed for

259 evaluation.

260 Connectivity provides a complementary description of the annotations. A single eight-connected foreground
261 component occurs in 78.3% of positive masks, and the maximum component count is 12 (Fig. 5b). One
262 component may comprise a broad or intersecting structure, whereas multiple components may arise from
263 adjacent lines or discontinuous foreground. Foreground area and component count thus describe different
264 aspects of reference geometry. Together with deliberately selected difficult negatives, they cover target

265 delineation and target—background discrimination.

266 3.3 Fixed evaluation partitions

267 The training, validation, and test sets contain 13,213, 3,120, and 3,122 patches, respectively (Table 4; Fig.
268 5c). All patches from a source scene belong to one partition, and each acquisition date occurs in only one
269 partition. Date grouping also keeps observations represented at different processing levels on the same date
270 within the same partition. This design addresses the risk of distributing related observations across partitions
271 when patches are split randomly (Roberts et al., 2017).
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The test set includes 1,422 positive patches and 1,700 difficult negatives from 120 source-scene entries
acquired on 51 dates. Positive test patches are stratified by foreground fraction: 318 patches at <1%, 488
at >1% and <5%, and 616 at >5% (Fig. 5d). These groups provide a direct basis for comparing sparse and
larger-area targets. Both image representations share partitions and reference masks, allowing input
preprocessing to change while sample content remains fixed.

Table 4. Composition of the fixed partitions. Source-scene entries and acquisition dates are assigned as
groups, and every sample contains both image representations.

Partition Patches Positive Difficult negative Scene entries Dates
Training 13,213 6,243 6,970 580 203
Validation 3,120 1,358 1,762 119 51
Test 3,122 1,422 1,700 120 51
Total 19,455 9,023 10,432 819 305
a Foreground occupancy b Foreground complexity
1.0 4
80 4
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2 |
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z 041 2
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700 A
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=
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Validation 4 318
2 300 -
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-
Test 100
I T T T 1 0 T
0 25 50 75 100 =1% 1-3% >5%
Share within partition (%) Foreground area

M Positive B8 Difficult negative

Figure 5. Foreground geometry and evaluation composition. (a) Cumulative distribution of foreground
fraction for 9,023 positive patches; shading denotes the interquartile range and the dashed line the median. (b)
Number of eight-connected foreground components per positive patch, with counts above five grouped
together. (c) Proportions of positive patches and difficult negatives in each partition; numbers inside bars
give sample counts. (d) Positive test-patch counts in the three foreground-area strata.
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285 4 Quality assessment

286 4.1 Contextual reassessment design

287 Two additional experts who had not participated in the original annotation reassessed 100 patches using the
288 common handbook and recoverable source-scene context. Sampling used seed 20260909, selecting one patch
289 per source-scene entry and covering 94 distinct source-product identifiers. A coverage group contained 60
290 cases: 10 positive patches from each of the three foreground-area strata and 30 difficult negatives. A
291 challenge group contained 40 cases, with 10 each selected for screening disagreement, multiple connected
292 components, thin lines or low foreground fraction, and broad structures or high foreground fraction.
293 Challenge cases were selected first; coverage samples were then drawn from the remaining source-scene

294 entries. This mixed design examined a range of interpretation conditions, including difficult cases.

295 The first expert initially viewed the enhanced patch, its position in the full scene, and a local source-image
296 neighborhood with reference masks hidden, recording the target as present, absent, or uncertain. Mask-
297 visible inspection then covered all initially present or uncertain cases and all initially absent cases with
298 nonempty reference masks. Cases initially judged absent with empty reference masks were recorded as
299 concordant in the first stage. The second expert inspected every initially uncertain or presence-discordant
300 case and a random 20% of the remaining concordant cases, rounding the sample size upward. This expert

301 could see the masks but not the first expert's responses.

302 Initial agreement compared determinate presence judgments with whether reference masks contained
303 foreground; uncertain judgments were counted separately. Subsequent acceptance proportions used only the
304 masks actually inspected by each expert as denominators. Because the coverage and challenge groups served
305 different sampling purposes, their results are reported separately, consistent with the principle that accuracy
306 interpretations should match the sampling design (Olofsson et al., 2014). Segmentation experiments used the

307 reference masks in the fixed dataset.

308 4.2 Interpretation agreement and reassessment examples

309 The first expert initially judged 59 cases as present, 31 as absent, and 10 as uncertain (Table 5; Fig. 6g). Of
310 the 90 determinate judgments, 77 agreed with reference-mask foreground presence, corresponding to 85.6%
311 agreement among determinate cases. This proportion describes interpretation agreement in the mixed
312 reassessment sample, not label accuracy across the dataset. Agreement was 48 of 54 determinate cases in the
313 coverage group and 29 of 36 in the challenge group. The 13 disagreements comprised seven cases initially

314 judged present with empty reference masks and six initially judged absent with nonempty reference masks.

315 The two disagreement types reflect different interpretation challenges. The seven empty-mask cases were
316 subsequently accepted as background under the handbook criteria. The six nonempty-mask cases were
317 accepted as foreground after attention was directed to the labeled locations. The annotation team's
318 retrospective explanation linked the former to reinterpretation of cloud or background features and the latter
319 to small targets overlooked during initial inspection. Figure 6a—f shows one actual example of each type,

320 placing the enhanced patch and reference overlay alongside the source-image neighborhood.

321 The first expert accepted all 75 masks requiring second-stage inspection; the remaining 25 cases had already
322 shown agreement between an absent judgment and an empty mask in the first stage. The second expert

323 accepted all 39 inspected masks, comprising the 23 initially discordant or uncertain cases and 16 sampled
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concordant cases. All 100 reference labels were ultimately retained. These results separately document initial

interpretation differences and subsequent acceptance in context.

Source context Enhanced patch Reference overlay

Initially present

Initially absent

¢ Initial mask-blinded interpretation

20 6

Coverage

Challenge 25 11 4

1
50 75 100
Share of reviewed cases (%)

o -
1
[

B Present B Absent Uncertain

Figure 6. Source-scene context and initial expert judgments. (a—c) A case initially judged present with an
empty reference mask and subsequently accepted as background. (d—f) A case initially judged absent with a
nonempty reference mask and subsequently accepted as foreground. Columns show source-scene context,
the enhanced patch, and the reference-mask overlay. Cyan boxes mark patch windows, and coral regions
indicate reference foreground. Source-image neighborhoods are displayed using per-band 2nd-98th
percentile stretching and represent another visualization of the same observation. (g) Initial mask-blinded
judgment distributions in the coverage and challenge groups; numbers inside bars give case counts.
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Table 5. Contextual reassessment results by sampling group. Reference masks were hidden during initial
interpretation. Subsequent acceptance results come from mask-visible inspection, with denominators
restricted to cases actually inspected at that stage.

Outcome Coverage Challenge Total
Reassessed patches 60 40 100
Initially present 34 25 59
Initially absent 20 11 31
Initially uncertain 6 4 10
Agreement among determinate judgments 48/54 29/36 77/90
Initially present; empty reference 5 2 7
Initially absent; nonempty reference 1 5 6
Expert 1 acceptance after mask-visible inspection 41/41 34/34 75175
Expert 2 acceptance after mask-visible inspection 22/22 17/17 39/39
Reference labels ultimately retained 60 40 100

5 Contrail segmentation baseline and performance evaluation

To support use of ContrailStruct30 and future method comparisons, we evaluated a MaxViT—-U-Net contrail
segmentation baseline alongside three public segmentation models under a shared training and validation-
selection protocol. Each model was evaluated over three training seeds. The experiments examine recovery
of narrow, sparse, and complex structures together with false detections in difficult backgrounds. A separate
input-representation experiment illustrates the use of corresponding RGB and uintl6 images for

preprocessing research.

5.1 MaxViT-U-Net segmentation baseline

Contrails often form elongated, locally discontinuous, or overlapping structures, requiring segmentation
methods to recognize local texture while using broader spatial relationships. We use MaxViT as the feature
encoder and a U-Net-style progressive upsampling decoder to construct a baseline for three-band enhanced
imagery (Ronneberger et al., 2015; Tu et al., 2022). The baseline combines multiscale feature extraction and

pixel-level prediction using existing public architectural components.

The encoder is timm's maxvit_base tf 512.in21k_ft inlk, initialized with weights pretrained on ImageNet-
21K and fine-tuned on ImageNet-1K. The segmentation network extracts the stem and first three stages,
yielding features at 1/2, 1/4, 1/8, and 1/16 of the input resolution with 64, 96, 192, and 384 channels,
respectively. The decoder has four upsampling blocks; the first three fuse encoder features at the
corresponding scales through skip connections. Each block applies two 3 x 3 convolutions with batch
normalization and ReLU. Decoder output channels are 384, 192, 96, and 64, and a final 3 x 3 convolution
produces single-channel logits at the input resolution. A sigmoid converts these logits into foreground
probabilities. The network contains 83,947,541 trainable parameters and follows a dense pixel-prediction

formulation (Long et al., 2015).

14

Earth System
Science

Data

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-759
Preprint. Discussion started: 5 November 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

359 The baseline takes enhanced RGB patches of 256 x 256 pixels, scaled by division by 255, and fine-tunes all
360 parameters. The same training procedure is applied to all four models: unweighted binary cross-entropy plus
361 soft Dice loss, AdamW with an initial learning rate of 2 x 10™* and weight decay of 107, and batch size 12
362 (Loshchilov and Hutter, 2019). Augmentation consists of horizontal and vertical flips applied jointly to
363 images and masks (Shorten and Khoshgoftaar, 2019). Training uses mixed precision for at most 24 epochs,
364 with early stopping after six consecutive epochs without improvement in validation loss.
365 ReduceLROnPlateau halves the learning rate when validation loss plateaus, with patience set to one. The

366 checkpoint with the lowest validation loss is retained. All four models use seeds 42, 123, and 2025.

367 5.2 Comparison models and evaluation protocol

368 U-Net—ResNet34, DeepLabV3+—ResNet50, and SegFormer-B0 represent commonly used encoder—decoder,
369 atrous-convolution, and Transformer segmentation approaches (Ronneberger et al., 2015; He et al., 2016;
370 Chen et al., 2018; Xie et al., 2021). All three use public implementations from segmentation-models-pytorch
371 0.5.0 and encoders pretrained on ImageNet-1K (Deng et al., 2009). They share the partitions, RGB/255
372 inputs, augmentation, loss, optimizer, training budget, and checkpoint-selection rule described in Sect. 5.1
373 with MaxViT-U-Net. This controls the training procedure while retaining the architectures and their
374 available pretrained encoders. MaxViT uses ImageNet-21K pretraining followed by ImageNet-1K fine-
375 tuning; parameter counts also differ (Table 7).

376 All segmentation thresholds are selected on validation data using the same rule. Thresholds from 0.01 to 0.95
377 in steps of 0.01 are ranked by mean positive-patch validation Dice, subject to a negative-patch activation rate
378 of at most 5%. If no threshold satisfies the constraint, a prespecified fallback maximizes validation Dice over
379 the full scanned range; ties favor lower negative activation and then the higher threshold. All 12 runs
380 required this fallback. Thresholds are fixed before test evaluation, without test-based seed selection or test-
381 time augmentation. For the prespecified seed-42 visualizations, thresholds are 0.34, 0.30, 0.24, and 0.30 for
382 MaxViT-U-Net, U-Net, DeepLabV3+, and SegFormer, respectively.

383 The test set contains 3,122 patches from 51 acquisition dates: 1,422 positives and 1,700 difficult negatives.
384 The primary metric is mean positive-patch Dice, calculated within each positive patch and then averaged
385 arithmetically. Mean positive-patch IoU is calculated independently in the same way. Micro Dice, loU,
386 precision, and recall instead use true-positive, false-positive, and false-negative pixel counts pooled across
387 all test patches (Taha and Hanbury, 2015; Reinke et al., 2024; Maier-Hein et al., 2024). Foreground fractions
388 of <1%, >1% and <5%, and >5% define strata for assessing sparse and larger-area targets. Each metric is
389 calculated separately for each fitted model; the main comparison reports the arithmetic mean of the three

390 seed-specific estimates, not an ensemble prediction.

391 Linear-structure evaluation uses clDice and reference-centerline recall. The latter is the fraction of reference
392 skeleton pixels covered by predicted foreground. clDice is the harmonic mean of this fraction and the
393 fraction of predicted skeleton pixels falling within reference foreground (Shit et al., 2021). Both metrics are
394 calculated per positive patch and averaged, assigning zero to empty predictions. Difficult-negative activation
395 is the fraction of the 1,700 empty-reference patches containing at least one predicted foreground pixel; the
396 negative-pixel false-positive rate instead uses all pixels in these patches as its denominator. Pixel-level

397 precision—recall curves are calculated using 4,096 probability bins.
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398 Percentile 95% confidence intervals are obtained from 2,000 paired acquisition-date-clustered bootstrap
399 resamples. Each resample draws 51 dates with replacement and retains all patches from the selected dates,
400 including multiplicities. The same date draws are applied across models and seeds. Metrics are calculated
401 separately for each seed within a resample and then averaged across the three seeds; paired model
402 differences are calculated from these averages (Efron, 1979; Field and Welsh, 2007). These intervals
403 describe test-date sampling variation conditional on the fitted runs. Across-seed sample standard deviations
404 are reported separately. A sensitivity analysis uses 5,000 paired resamples of the 120 source-scene entries.
405 Intervals are pointwise and are not adjusted for multiple comparisons. Common evaluation uses PyTorch
406 2.5.1, timm 1.0.27, and float16 CUDA inference.

407 5.3 Comparison with other segmentation models

408 Under the shared protocol, MaxViT—U-Net had the highest mean positive-patch Dice, at 0.8230, compared
409 with 0.7978 for U-Net, 0.7798 for DeepLabV3+, and 0.7903 for SegFormer (Table 6; Fig. 7). The
410 corresponding micro Dice values were 0.8479, 0.8112, 0.8008, and 0.8155. MaxViT—U-Net also had the
411 highest point estimates of mean positive-patch IoU and clDice, at 0.7399 and 0.8775, respectively. Its
412 positive-patch Dice advantages over the three comparison models were 0.0252, 0.0432, and 0.0327, with
413 paired date-clustered 95% intervals of 0.0183-0.0406, 0.0350-0.0604, and 0.0254—0.0531. These results

414 support stronger foreground recovery by the tested baseline under the common training procedure.

415 Differences were also apparent for sparse targets. For patches with foreground occupying at most 1% of the
416 image, the three-seed mean positive-patch loU was 0.649 for MaxViT—-U-Net, compared with 0.602, 0.553,
417 and 0.563 for U-Net, DeepLabV3+, and SegFormer (Fig. 7c). Above 5% foreground, the corresponding
418 values were 0.800, 0.778, 0.763, and 0.776. All models performed less well on small-area targets, and
419 MaxViT-U-Net retained the highest point estimate in each of the three tested strata.

420 Figure 8 compares reference masks and predictions for four fixed test patches representing a narrow target,
421 approximately parallel components, complex foreground, and a texture-rich negative. The cases were
422 selected from reference geometry before prediction inspection, using seed 20260914, and come from
423 different source scenes. The same cases are shown for every model, using the prespecified training seed 42

424 rather than the best-performing test run.

425 At their validation-selected operating points, MaxViT-U-Net also had the lowest three-seed mean difficult-
426 negative activation, at 34.57%, compared with 44.24% for U-Net, 53.90% for DeepLabV3+, and 53.45% for
427 SegFormer. Its negative-pixel false-positive rate was 0.272%, compared with 0.614%, 0.619%, and 0.542%,
428 respectively. Thus, the baseline combined stronger foreground recovery with lower average background
429 activation in this comparison. Nevertheless, more than one-third of difficult-negative patches contained at
430 least one predicted pixel on average, showing that a low false-positive pixel fraction does not eliminate the

431 burden of candidate-image screening.

432 All four models recovered the principal narrow segment in Fig. 8a, with local differences in width and extent.
433 In the parallel-structure example (Fig. 8b), they recovered the broader upper feature but only part of the
434 neighboring thin line. The examples therefore show that thin-segment completeness remains challenging
435 even when patch-level overlap is relatively high; aggregate rankings do not imply that one model performs

436 Dbest on every individual case.
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437 All four models recovered the broad transverse feature in Fig. 8c, with differences at its margins and in
438 peripheral components. In the difficult-negative example (Fig. 8d), MaxViT—-U-Net predicted 43 foreground
439 pixels, U-Net and DeepLabV3+ predicted none, and SegFormer predicted one. This example complements
440 the dataset-level results by showing how a small local false detection can trigger negative-patch activation,
441 even for the model with the lowest average activation.
a Pixel-pooled overlap b Positive-patch overlap
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442
443 Figure 7. Segmentation performance under a shared training protocol. (a) Micro Dice across all test pixels. (b)
444 Mean positive-patch Dice. (c) Mean positive-patch IoU by foreground fraction: <1%, >1% and <5%,
445 and >5%. (d) Mean positive-patch clDice. (e) Difficult-negative activation, the fraction of empty-reference
446 patches containing at least one predicted foreground pixel. In (a—e), points are means of three seed-specific
447 estimates (42, 123, and 2025); error bars are percentile 95% intervals from 2,000 paired acquisition-date-
448 clustered bootstrap resamples, calculating metrics per seed before averaging. (f) Pixel-level precision—recall
449 curves for the prespecified seed 42, calculated using 4,096 probability bins. The test set contains 3,122
450 patches, including 1,422 positives and 1,700 difficult negatives from 51 dates. All threshold-dependent
451 metrics use each run's fixed validation-selected threshold. Model names are abbreviated in the panels.
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Figure 8. Example predictions under the shared training protocol. Rows show a narrow contrail, parallel
structures, multicomponent foreground, and a difficult negative. Columns show enhanced RGB images,
reference masks, and predictions from MaxViT-U-Net, U-Net—ResNet34, DeepLabV3+-ResNet50, and
SegFormer-B0. White denotes foreground and black denotes background. Each patch contains 256 x 256
pixels. The four cases were selected before prediction inspection and are unchanged across models. All
models use the prespecified seed 42 and their fixed validation-selected thresholds: 0.34, 0.30, 0.24, and 0.30,
respectively.
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Table 6. Four-model comparison under the shared training protocol. Values are means of separately
calculated results for seeds 42, 123, and 2025; parentheses give percentile 95% intervals from 2,000 paired
acquisition-date-clustered bootstrap resamples. Each resample calculates metrics per seed before averaging.
Micro metrics use all 3,122 test patches, positive-patch metrics use 1,422 positives, and negative metrics use
1,700 difficult negatives. Thresholds are selected separately on validation data under the common rule.
Intervals describe test-date sampling variation rather than across-seed standard deviations or ensemble
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performance.

Metric

MaxViT-U-Net

U-Net—ResNet34

DeepLabV3+—
ResNet50

SegFormer-B0

Micro Dice

Micro IoU

Mean positive-patch Dice
Mean positive-patch IoU
Pixel precision

Pixel recall

Mean positive-patch clDice

Mean positive-patch centerline
recall

Negative-patch activation (%)

Negative-pixel  false-positive

0.848 (0.801-0.868)
0.736 (0.668-0.767)
0.823 (0.794-0.861)
0.740 (0.711-0.778)
0.825 (0.731-0.861)
0.873 (0.835-0.936)

0.878 (0.839-0.925)

0.908 (0.868-0.958)

34.57 (31.87-63.41)

0.272 (0.176-1.091)

0.811 (0.727-0.845)
0.682 (0.571-0.732)
0.798 (0.770-0.836)
0.707 (0.676-0.746)
0.757 (0.618-0.804)
0.874 (0.842-0.916)

0.849 (0.817-0.894)

0.891 (0.864-0.930)

44.24 (40.71-72.95)

0.614 (0.429-2.057)

0.801 (0.723-0.833)
0.668 (0.566-0.713)
0.780 (0.753-0.814)
0.681 (0.649-0.715)
0.746 (0.626-0.786)
0.865 (0.823-0.906)

0.837 (0.805-0.880)

0.883 (0.860-0.917)

53.90 (49.82-73.29)

0.619 (0.471-1.552)

0.816 (0.740-0.848)
0.689 (0.587-0.737)
0.790 (0.761-0.827)
0.695 (0.660-0.731)
0.773 (0.645-0.818)
0.863 (0.838-0.899)

0.852 (0.820-0.894)

0.881 (0.853-0.917)

53.45 (49.69-79.56)

0.542 (0.379-1.699)

rate (%)

5.4 Stability across seeds and sampling units

Mean positive-patch Dice was 0.8230 + 0.0056 for MaxViT-U-Net, 0.7978 + 0.0039 for U-Net, 0.7798 +
0.0026 for DeepLabV3+, and 0.7903 + 0.0047 for SegFormer across the three training seeds (mean + sample
standard deviation; Table 7). MaxViT-U-Net had the highest positive-patch Dice in each same-seed
comparison. Its mean clDice and centerline recall were 0.8775 and 0.9083, respectively. Paired resampling
of source-scene entries retained the direction of the positive-patch Dice differences observed with date-level

resampling.

Background activation varied more than foreground overlap across MaxViT—U-Net runs. Its negative-patch
activation ranged from 26.59% to 48.41%, yielding 34.57% + 12.04 percentage points, compared with 44.24%
+ 2.61, 53.90% =+ 4.05, and 53.45% + 2.65 for the other three models. All runs used the same threshold-
selection fallback, so this variability combines independent training with the resulting validation-selected
operating points. The parameter counts range from 3.71 million for SegFormer-B0O to 83.95 million for
MaxViT-U-Net. The matched protocol therefore supports comparison under common training rules, while

computational scale and pretraining remain relevant to interpretation.
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481 Table 7. Model size and across-seed variability under the shared protocol. Results are mean + sample
482 standard deviation across seeds 42, 123, and 2025, with each run evaluated at its fixed validation-selected
483 threshold. Dice and clDice are averaged over positive patches. Parameter counts are in millions (M), and all
484 parameters are fine-tuned. Standard deviations of percentage metrics are in percentage points. These
485 summaries describe variation among fitted runs, not bootstrap confidence intervals.

Model Params. Mean positive-patch Mean positive-patch Negative-pixel false- Negative-patch
™M) Dice clDice positive rate (%) activation (%)
MaxViT-U-Net 83.95 0.8230 + 0.0056 0.8775 £ 0.0045 0.272 £0.092 34.57+12.04
U-Net-ResNet34 24.44 0.7978 + 0.0039 0.8485 +£0.0034 0.614 £ 0.065 4424 £2.61
DeepLabV3+—ResNet50 26.68 0.7798 + 0.0026 0.8368 £ 0.0015 0.619 £0.130 53.90 £ 4.05
SegFormer-B0 3.71 0.7903 + 0.0047 0.8520 + 0.0053 0.542 £0.124 53.45+2.65

486 5.5 Enhanced RGB versus uint16 inputs

487 A separate U-Net—ResNet34 experiment compares the corresponding enhanced RGB and uintl6
488 representations while keeping sample content and labels fixed. Both inputs use seeds 3407, 3408, and 3409
489 and share partitions, initialization sources, geometric and intensity augmentation, and validation-selection
490 rules. This representation experiment uses positive-class-weighted binary cross-entropy plus soft Dice,
491 AdamW at an initial learning rate of 107, batch size 32, a maximum of 30 epochs, and early-stopping
492 patience of eight epochs. Its results are compared within this experiment rather than pooled with the matched
493 four-model experiment. Enhanced RGB values are divided by 255. For uint16 images, fill values are
494 replaced with the corresponding training-channel median; values are then clipped at the training-set 1st and
495 99th percentiles and scaled to [0, 1]. Fixed lower bounds for the three channels are 657, 812, and 582, and
496 upper bounds are 2112, 2437, and 1657. Both representations subsequently undergo ImageNet channel

497 standardization.

498 Enhanced RGB achieved a mean micro Dice of 0.776 + 0.008, compared with 0.693 + 0.089 for the tested
499 uintl16 normalization (Table 8). Mean positive-patch IoU was 0.634 + 0.016 and 0.571 + 0.012, respectively.
500 Negative-patch activation averaged 38.69% and 37.24%, with appreciable variation across seeds. Under this
501 protocol, enhanced inputs therefore yielded higher and more stable overlap metrics, but background
502 activation did not improve in the same way. The comparison concerns two complete input-processing
503 procedures rather than an isolated effect of storage bit depth.

504 Table 8. Input-representation comparison using U-Net—ResNet34. Results are mean + sample standard
505 deviation for seeds 3407, 3408, and 3409. Both representations share samples, reference masks, partitions,
506 initialization sources, and training budgets, with thresholds selected separately on validation data. Dice is
507 micro-averaged over all test pixels, whereas IoU is averaged over positive patches. The standard deviation of
508 activation is expressed in percentage points.

Metric Enhanced RGB Normalized uint16
Micro Dice 0.776 = 0.008 0.693 +0.089
Mean positive-patch IoU 0.634+0.016 0.571+0.012
Difficult-negative activation (%) 38.69 +5.98 37.24+16.71
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509 6 Discussion

510 6.1 Contribution to fine-scale contrail observations

511 The principal contribution of ContrailStruct30 is to turn three-band thermal-infrared observations at 30 m
512 nominal sampling into a contrail image resource with pixel-level reference labels. Narrow lines, adjacent
513 parallel structures, intersections, and local gaps allow research to move beyond target presence toward the
514 spatial form discernible in the imagery. Compared with image-level class labels, segmentation masks retain
515 target location, extent, and relationships between adjacent structures, supporting analyses of visible
516 continuity, local width variation, and spatial organization. These morphological descriptions concern
517 discernible contrail regions, whose detail depends jointly on spatial sampling, imaging conditions, and

518 target—background contrast.

519 This observational capability is particularly relevant to small contrails. The median foreground fraction
520 among positive patches is only 3.54%, indicating that many targets occur as sparse linear structures within
521 extensive backgrounds. In the stratified evaluation, all models performed less well on the smallest
522 foreground group than on larger-area targets. Image examples likewise show that a broad structure may be
523 recovered while an adjacent thin line remains partly omitted. Detection and continuous delineation of small
524 contrails thus remain important challenges. By retaining these structures in the reference masks,
525 ContrailStruct30 makes them explicit targets for training and focused evaluation rather than allowing their

526 contribution to be obscured by pooled pixel-overlap metrics.

527 Narrow, compact morphologies also provide candidate observations for studies of newly formed and early-
528 stage contrails. Post-formation spreading, deformation, and interaction with surrounding clouds depend on
529 atmospheric conditions and contrail development (Schumann and Heymsfield, 2017; Kércher, 2018).
530 Discernible narrow lines, parallel structures, and local broadening can provide spatial references for case
531 studies that incorporate flight trajectories and meteorological data. Formation stage must still be established
532 from aircraft position, observation time, and transport conditions. The dataset's value for such studies is
533 therefore its detailed morphology, which can be linked to additional evidence, rather than an age assignment

534 based on shape alone.

535 6.2 Contrail interpretation and segmentation in complex backgrounds

536 Fine-scale observations reveal not only more contrail detail but also richer background texture. Natural cirrus,
537 elongated cloud edges, and linear surface features may locally resemble contrails. Segmentation must
538 therefore address two coupled tasks: recovering targets completely and rejecting similar backgrounds. By
539 combining expert-selected difficult negatives with diverse positive examples, ContrailStruct30 makes
540 background discrimination part of the learning task rather than an issue addressed only after model

541 deployment.

542 The matched comparison illustrates the need to interpret foreground recovery and background response
543 jointly. MaxViT-U-Net combined the highest mean foreground overlap with the lowest mean negative-patch
544 activation among the tested implementations, but its activation still averaged 34.57% and varied appreciably
545 across seeds. A small false-positive pixel fraction can therefore coexist with activation of many negative
546 patches. Such scattered detections increase the inspection burden when masks are used to screen candidate
547 images. The dataset exposes these complementary aspects of performance, providing more informative test

548 conditions than a single overlap ranking (Maier-Hein et al., 2018).
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549 Expert reassessment identified two further difficulties in local interpretation: background texture can be
550 mistaken for a target, while small or low-contrast contrails can be overlooked. Source-scene context helps
551 establish whether a local line belongs to a broader natural cloud structure and whether a candidate has
552 coherent spatial morphology. The reassessment supports the plausibility of the inspected masks in their
553 image context. Acceptance after mask disclosure and agreement between independently redrawn boundaries
554 nevertheless represent different forms of evidence; independent references and boundary-sensitive
555 evaluations address differences in pixel delineation (Warfield et al., 2004; Cheng et al., 2021; Gourmelon et
556 al., 2022). For diffuse margins, occlusions, and gaps between adjacent structures, the masks should be
557 wunderstood as expert interpretations under common rules. Targeted scene searches and difficult-background
558 selection make the dataset primarily suited to these segmentation tasks rather than estimating contrail

559 occurrence in natural scenes.

560 Model screening and preliminary masks may also influence candidate composition and initial boundaries.
561 Manual correction and expert review can reduce this influence, but participation of the same architectural
562 family in dataset construction remains relevant to interpreting model comparisons. The shared protocol
563 controls input processing, training settings, and validation-selection rules; it does not equalize pretraining
564 data, parameter counts, or computational cost. The results consequently characterize complete pretrained
565 implementations under common training conditions rather than isolate an encoder-architecture effect or each

566 model's fully tuned performance ceiling.

567 6.3 Data reuse through corresponding image representations

568 Providing enhanced RGB images alongside corresponding three-band uint16 source values allows the same
569 annotations to support different image-processing and modeling approaches. Enhanced images facilitate
570 visual inspection and can be used directly by common visual models, while source values retain scope for
571 alternative contrast transformations, channel combinations, and normalization. Both representations share
572 sample content, pixel grids, and reference masks, enabling input-processing comparisons on fixed

573 observations without reconstructing labels.

574 The U-Net comparison shows that input representation materially affects segmentation performance. Under
575 the tested protocol, enhanced RGB produced higher pixel overlap with less cross-seed variation, whereas
576 difficult-negative activation did not show the same improvement. Transformations that favor foreground
577 recovery therefore also need to be evaluated for background discrimination. The difference may reflect local
578 enhancement, training-set normalization, and the input statistics expected by pretrained models. It

579 characterizes two complete processing procedures, not the relative merits of storage bit depths alone.

580 Corresponding representations thus provide more than two file formats: they make preprocessing a
581 component that can be compared and studied reproducibly. Together with fixed partitions, expert-reviewed
582 labels, and reference segmentation results, ContrailStruct30 supports research from input design and fine-
583 structure recovery to difficult-background discrimination, providing reusable data for fine-scale thermal-

584 infrared contrail analysis.

585 7 Data and code availability

586 Version 3 of ContrailStruct30 is publicly available via Figshare at
587 https://doi.org/10.6084/m9.figshare.33435496.v3 (Yu et al., 2026). The dataset contains 19,455 samples,
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588 each comprising an enhanced three-channel RGB image, a corresponding three-band uint16 source-value
589 image, and a human-corrected binary reference mask, together with associated metadata and fixed training,

590 validation, and test partitions.

591 All dataset components distributed in this Figshare release, including the enhanced RGB images, uint16
592 TIFF source-value images, binary reference masks, partition files, and metadata, are made available under
593 the Creative Commons Attribution 4.0 International (CC BY 4.0) licence. Redistribution of the SDGSAT-1-
594 derived uint16 source-value images has been authorized through the SDGSAT-1 Open Science Program.

595 The companion segmentation benchmark code, including the model implementations, training and evaluation
596 procedures, and associated reproducibility materials, is publicly available at

597 https://github.com/jianingyu777/contrail-structural-benchmark.

598 The original full-scene SDGSAT-1 observations can be obtained from the SDGSAT-1 data portal
599 (https://data.sdgsat.ac.cn/) under the portal's applicable terms. Historical ADS-B trajectories used for
600 candidate-scene searches were obtained from ADSB.lol (https://adsb.1ol/).

601 8 Conclusions

602 ContrailStruct30 provides 19,455 pixel-labeled, three-band thermal-infrared patches at 30 m nominal
603 sampling, with each reference mask linked to enhanced RGB and uint16 images. Model-assisted expansion,
604 manual correction, and expert review combine fine and complex foreground geometries with deliberately
605 selected difficult negatives in one resource. Fixed evaluation partitions separate both source scenes and

606 acquisition dates.

607 Application examples demonstrate complementary evaluation of foreground overlap, sparse linear structures,
608 and difficult-background response. A matched comparison across four segmentation implementations and
609 three training seeds provides reference performance, with MaxViT-U-Net offering strong foreground
610 recovery and lower average negative-patch activation under the tested protocol. A separate RGB—uintl6
611 comparison illustrates controlled input-preprocessing research. Together with expert-reviewed masks and
612 corresponding image representations, these evaluation conditions make ContrailStruct30 a reusable resource

613 for developing thermal-infrared contrail segmentation methods.
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