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UAV optical imagery provides the detail needed to map road surfaces, roadside
vegetation, buildings and traffic participants in road corridors, but the accuracy of
such maps is often estimated with random partitions of spatially and temporally
autocorrelated frames. This study quantifies how much a random frame split
inflates the accuracy of deep semantic segmentation compared with a sequence-
based spatial cross validation that holds out complete UAV flight sequences. U-Net,
DeepLabV3+ and SegFormer were trained under identical settings on all 42
labeled sequences (420 frames) of the UAVid benchmark of urban street scenes,
together with a pixel-based Random Forest reference. Every frame was predicted
once under each five-fold protocol, and the protocols were compared with paired
sequence-level tests. The random split gave mloU values of 72.9-74.0%, whereas
sequence-based cross validation gave 68.6-69.9%. The difference of 4.1-4.3
percentage points was present in 41 or 42 of the 42 sequences for every model

(Holm-adjusted Wilcoxon p < 107'°), overall accuracy was inflated by 2.1-2.6
points, and the fold-to-fold variability of mloU was two to three times larger under
sequence-based validation. The inflation was largest for static cars (10.4-11.4 IoU
points), moderate for road and low vegetation, small for buildings and trees and
absent for pedestrians, while the ranking of the models did not change. Sequence-
based validation therefore gives a more realistic estimate of the accuracy expected
on new flights and is recommended for reporting UAV-based road corridor
mapping results.

© 2026 MIM Research Group. All rights reserved.

1. Introduction

Road corridors are linear infrastructure systems whose condition depends on the pavement
surface and on the land cover that surrounds it. Vegetation encroaching on the right-of-way (RoW),
changes in adjacent built-up areas, parked and moving vehicles and the presence of pedestrians all
influence operational safety and maintenance planning, and road agencies therefore need
repeatable information on what occupies the corridor and how it changes over time [1]. Ground
surveys provide this information at high thematic detail but are labor-intensive, expose field crews
to traffic and cover only short sections per campaign. Satellite remote sensing offers systematic
coverage of large areas, yet its revisit time, cloud contamination and spatial resolution limit the
mapping of narrow corridor elements such as road verges, individual trees and vehicles [2-4].

Unmanned aerial vehicles (UAVs) fill this gap by acquiring optical imagery with centimeter-level
ground sampling distance on demand and at low operational cost [5]. UAV image blocks are
routinely processed with photogrammetric techniques into orthomosaics and digital surface
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models [6] and fused with terrestrial laser scanning point clouds for detailed 3D documentation
[7], while the individual images and video frames are themselves a rich source for semantic
interpretation. UAV studies have used such imagery to map vegetation communities, invasive
species, land cover and hydrological variables with machine learning and deep learning [8-12], and
to detect pavement damage along roads [13]. For road corridor monitoring, the classes of primary
interest are the road surface, the adjacent buildings, roadside trees and low vegetation, and traffic
participants such as vehicles and pedestrians. These classes are annotated in the UAVid benchmark,
which provides densely labeled 4K frames of oblique UAV video over urban street scenes [14].

Deep semantic segmentation has become the standard approach for assigning a thematic label to
every pixel of very high-resolution imagery. Fully convolutional networks [15] and encoder
decoder architectures such as U-Net [16] established dense prediction with skip connections,
DeepLabV3+ combined atrous convolution and spatial pyramid pooling with a light decoder [17],
and SegFormer introduced a hierarchical transformer encoder with a simple multilayer perceptron
decoder [18]. These model families are widely applied to remote sensing imagery [19] and to UAV
scenes in particular [10, 20], and deep networks generally outperform pixel-based classical
learners when spatial context matters [21].

The accuracy figures reported for such models are, however, only as informative as the protocol
used to estimate them. Remote sensing data are spatially autocorrelated, so that observations close
to each other tend to be more similar than distant ones [22]. When training and test samples are
drawn at random from the same scenes, the test set contains samples that are near duplicates of
training samples, and the estimated accuracy describes interpolation within the sampled area
instead of prediction for new locations [23, 24]. Studies in ecology and remote sensing have shown
that random cross validation can substantially overestimate map accuracy compared with spatially
blocked validation [25, 26], and that the effect also applies to convolutional neural networks
trained on UAV imagery [27]. Spatial and group-based resampling schemes, including block cross
validation and leave-location-out or leave-one-flight-out designs, are therefore increasingly
recommended [9, 12, 28-30], although the choice of validation strategy has to match the intended
use of the map [31, 32].

UAV video data are particularly exposed to this problem, because frames extracted from the same
flight share viewing geometry, illumination and scene content and often cover largely overlapping
ground areas, so a random partition of frames places almost identical views of the same street into
the training and the test set. Benchmark splits defined by dataset authors avoid this by assigning
complete sequences to training, validation and test sets [14], but when UAV frames or patches are
pooled and split at random, as is common in applied studies with a single collection of images, the
size of the resulting optimism for corridor classes is rarely quantified. It is also unclear whether the
optimism depends on the segmentation architecture or on the class, which matters when small and
dynamic objects such as vehicles and pedestrians are part of the monitoring task.

This study addresses these questions with a controlled experiment on UAV optical imagery of
urban road corridors. Three segmentation models that represent the main architectural families,
U-Net, DeepLabV3+ and SegFormer, are trained under identical conditions on all 42 labeled
sequences of UAVid, and a pixel-based Random Forest classifier with RGB spectral indices and local
texture features serves as a simple classical reference. Accuracy is estimated with two five-fold
cross validation protocols that differ only in how frames are assigned to folds: a random frame-
level partition and a sequence-based partition in which all frames of a flight sequence are held out
together. Because every frame is predicted exactly once under each protocol, the two estimates can
be compared in a paired design at sequence level. The experiments quantify how much random
splitting inflates overall and class-wise accuracy for corridor classes in urban street scenes,
whether the inflation changes the ranking of the models and which classes remain difficult when a
model is applied to unseen flights.

2. Materials and Methods

As summarized in Fig. 1, UAV optical frames and their reference labels were checked and down
sampled, partitioned into folds with two cross validation protocols, used to train three deep
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segmentation models and one classical reference under fixed settings, and assessed with pixel-
based accuracy measures and sequence-level statistical tests.
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Fig. 1. Workflow of the study, from UAV optical imagery and validation design to accuracy
assessment of corridor classes

2.1. Study Data and UAV Remote Sensing Context

The experiments use the UAVid semantic segmentation benchmark [14], which consists of oblique
UAV video of urban and suburban street scenes (Table 1, Fig. 2). According to the dataset
description, the imagery was recorded in 4K video mode at a flying height of approximately 50 m
with the camera tilted by about 45° from the vertical, so that both the tops and the facades of objects
are visible and the ground sampling distance increases from the near to the far part of each frame.
Frame sizes are 3840 x 2160 or 4096 x 2160 pixels. Ten frames per sequence, taken at intervals of
100 video frames (about 5 s), were densely annotated with eight classes: building, road, tree, low
vegetation, static car, moving car, human and background clutter. The original publication
describes 30 sequences with 300 labeled images [14]; the dataset was later extended by 12
sequences, and the reference labels of the 15 test sequences were released by the dataset authors
in 2023 through the UAVid website. All 42 sequences with 420 labeled frames were used in this
study, and the original benchmark split was not used because both cross-validation protocols
reassign all frames to folds.

Table 1. Summary of the data and validation designs used in this study

Item
Dataset
Platform and view
Labeled frames
Original frame size (px)
Processed frame size (px)

Description
UAVid, all 42 labeled sequences [14]
UAV video, oblique view (about 45°), flying height about 50 m
420 (10 per sequence, about 5 s apart)
3840 x 2160 (260 frames), 4096 x 2160 (160 frames)
1920 x 1080 or 2048 x 1080 (down sampling by 2)

Bands RGB
building, road, tree, low vegetation, static car, moving car, human,
Classes
clutter
RGB frames and train/val labels: DANS archive; test labels: third-party
Sources . .
redistribution

Random split
Sequence-based CV

5 folds of 84 frames assigned at random
5 folds of 8 or 9 complete sequences (80 or 90 frames)

The data were obtained from two sources: the RGB frames of all 42 sequences and the color-coded
reference labels of the 27 training and validation sequences were taken from the official UAVid
archive in the DANS Data Station (doi:10.17026/dans-x9f-w9sa), and all 420 image files were
verified against the SHA-1 checksums of this archive. The reference labels of the 15 test sequences
are not contained in that archive; they were taken from a third-party redistribution on the Hugging
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Face platform (dataset dronefreak/UAVid-2020), which provides the labels of all 42 sequences as
class index images and states that the official labels were only reformatted. The index masks of this
redistribution were used for all frames. For a random sample of 30 of the 270 training and
validation frames they agreed in every pixel with the official color labels of the DANS archive. The
test labels could not be compared with the official 2023 release, which is distributed through a
separate file share that was not accessed in this study, and two anomalies found in them are
described in Section 2.2. The dataset is distributed under a CC BY-NC-SA 4.0 license.

Table 2. Summary of the data and validation designs used in this study

Item Description
Dataset UAVid, all 42 labeled sequences [14]
Platform and view UAV video, oblique view (about 45°), flying height about 50 m
Labeled frames 420 (10 per sequence, about 5 s apart)
Original frame size (px) 3840 x 2160 (260 frames), 4096 x 2160 (160 frames)
Processed frame size (px) 1920 x 1080 or 2048 x 1080 (down sampling by 2)
Bands RGB
building, road, tree, low vegetation, static car, moving car, human,
Classes
clutter
RGB frames and train/val labels: DANS archive; test labels: third-party
Sources e
redistribution
Random split 5 folds of 84 frames assigned at random
Sequence-based CV 5 folds of 8 or 9 complete sequences (80 or 90 frames)

Sequence 3, frame 400 Sequence 16, frame 300 Sequence 33, frame 600
- . = — vy . 7 . e a "

=t 1

RGB frame

Reference label

HEN Clutter M Building [ Road WM Staticcar W Tree [ Low vegetation [l Human M Moving car

Fig. 2. Example UAVid frames from three sequences and the corresponding reference labels in
the official color code

The UAVid classes cover the thematic content that is relevant for road corridor monitoring in urban
areas. Road represents the carriageway and paved surfaces used by traffic, tree and low vegetation
describe the roadside green that is subject to vegetation management within the RoW, building
represents the adjacent built environment, static and moving cars represent parking and traffic,
and human represents pedestrian presence. Background clutter collects all remaining surfaces and
objects. The eight original classes were retained so that results remain comparable with the
benchmark. The study is based entirely on RGB imagery; photogrammetric products such as
orthomosaics or digital surface models were not derived, since the benchmark provides individual
oblique frames without camera orientation data.

2.2. Data Preparation and Class Harmonization

Each image was paired with its label mask by sequence and frame index, and the pairs were
checked for missing files, equal dimensions and label values outside the class range. One test frame
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(sequence 30, frame 600) contains 10,172 pixels (0.11% of the frame) without a valid class value;
these pixels were excluded from training and evaluation. A plausibility check of the human class
showed that the largest connected human region per frame is below 8,700 pixels in 99% of the
frames, whereas two test frames (sequence 27, frame 300 and sequence 39, frame 300) contain
human regions of 97,890 to 137,428 pixels covering lawn and paved areas that are labeled clutter,
tree, low vegetation or road in the neighboring frames of the same sequences (Fig. A1). These
regions (360,351 pixels in total) were treated as unlabeled in the evaluation. Because they were
detected after training, they remained in the training data of the folds that contained the two
frames, where they make up about 0.01% of the labeled pixels. The corrected evaluation is treated
as the primary result, and the uncorrected evaluation is reported as a sensitivity analysis in Table
Al; the masks of the excluded regions are available from the corresponding author upon
reasonable request.

To make full-frame training and inference feasible on a 6 GB GPU, all frames were down sampled
by a factor of two, using area interpolation for the RGB images and nearest neighbor interpolation
for the masks. During training, square windows were sampled at random positions from the
training frames at a random scale between 0.75 and 1.5 and resized to 512 x 512 pixels. Random
horizontal flipping and a random brightness and contrast change (gain 0.8 to 1.2, offset £20 gray
values) were applied, and images were normalized with the ImageNet channel statistics. Vertical
flips and rotations were not used, because they would produce viewing geometries that do not
occur in oblique UAV imagery. Windows are drawn on the fly from the frames of the training folds
only, so no patch is shared between training and test data.

2.3. Spatial Cross Validation Design

Two five-fold cross validation protocols were applied to the same 420 frames (Fig. 3). In the
random protocol, frames were assigned to folds by a random permutation, independently of their
sequence, which reproduces the common practice of splitting pooled UAV imagery at random.
Because consecutive labeled frames of a sequence are only about 5 s apart and view largely
overlapping parts of the same street, 386 of the 420 test frames (91.9%) in this protocol had at
least one temporally adjacent frame of the same sequence in the training set, and on average 7.2 of
the 9 other frames of their sequence were used for training.

Random split Sequence-based spatial CV
ey 1T LT LT T
=R | | [ [ [[1[[[{II{T]]]] TRRRREn i IR i
RCRR [T LT T T T T T T
g 15 ANNNRRRRARARRR RN ARARRARART ARRIRRNA A RARARATARNA RN
gl | LT C T
PR || ][] L T
SRl (| e T
ekl || C
SRR [ 1T T T T

1 4 7 10 13 16 19 22 25 28 31 34 37 40 1 4 7 10 13 16 19 22 25 28 31 34 37 40
UAVid sequence UAVid sequence

BN fFoldl EEE Fold 2 B Fold 3 BN Fold4 W Fold 5

Fig. 3. Fold assignment of the 420 labeled frames under the random split (left) and the
sequence-based spatial cross validation (right); columns are UAVid sequences and rows are the
ten labeled frames of each sequence in temporal order

In the sequence-based protocol, the 42 sequences were randomly assigned to five groups of eight
or nine sequences and all frames of a sequence were placed in the same fold, so that training and
test data are sequence-disjoint. Since each sequence is a separate flight over a distinct street scene,
this design approximates a leave-one-flight-out setting [23, 24, 28]. It does not guarantee
geographic separation between folds, because location identifiers and flight campaign metadata
are not provided with the dataset. The fold assignment of all frames is available from the
corresponding author upon reasonable request.
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In both protocols each fold was used once as the test set while the model was trained on the other
four folds. No validation subset was used for early stopping or model selection within the cross
validation: all models were trained for a fixed number of iterations and the final weights were
evaluated. The only design decision informed by data of the study was the choice of the loss
function, which followed short pilot runs on one sequence-based fold (Section 2.4). Every frame
received exactly one out-of-fold prediction per model and protocol, which allows a paired
comparison of the protocols.

2.4. Deep Semantic Segmentation Models

Three architectures that represent the main families of semantic segmentation networks were
compared (Table 2). U-Net [16] is an encoder decoder network whose decoder recovers spatial
detail by concatenating encoder features through skip connections; here it was built on a ResNet-
50 encoder [33] with decoder stages of 256, 128, 64, 32 and 16 channels. DeepLabV3+ [17] applies
atrous spatial pyramid pooling to encoder features at an output stride of 16 and fuses the result
with low-level features in a light decoder; it was also built on ResNet-50. SegFormer [18] uses a
hierarchical Mix Transformer (MiT) encoder with efficient self-attention and an all-MLP decoder
that aggregates features from four scales; the MiT-B2 encoder was used with a 256-channel
decoder, because the 768-channel decoder of the original B2 configuration did not fit into GPU
memory with the batch size used for the other models. The encoders were initialized with ImageNet
pretrained weights [34] and the decoders randomly.

All models were trained with the same settings, and the loss was the sum of a class-weighted cross-
entropy and a soft multiclass Dice loss [35]. Class weights were computed from the pixel
frequencies f, of the training folds as w, = (median(f)/f.)*/? and normalized to a mean of one, a
damped form of median frequency balancing [36]. This loss was adopted as a limited preliminary
choice to handle the class imbalance, after a pilot run on one sequence-based fold in which
unweighted cross-entropy never predicted the human class. It was not the result of a systematic
hyperparameter optimization: in short pilot runs of U-Net on the same fold, cross-entropy with
Dice loss still failed to predict humans, whereas its class-weighted variant did, and this setting was
retained without further tuning. The pilot runs are not part of the reported results, and the selected
loss was applied unchanged to all models and both protocols. Because the pilot runs used data of
the same study, the test folds cannot be regarded as entirely independent of this decision.
Optimization used AdamW [37] with a learning rate of 1 x 10™* and a weight decay of 0.01, a linear
warm-up over 500 iterations followed by linear decay to zero, a batch size of eight crops and 6000
iterations. Mixed precision (16-bit floating point) arithmetic was used for training and inference.
At test time each full frame was padded by reflection to a multiple of 32 pixels and predicted in one
pass together with its horizontally flipped copy, whose logits were averaged. The random seed was
fixed per fold, and the same seeds were used for both protocols.

Table 3. Segmentation models and computational cost; common settings are 512 x 512 crops,
batch size 8, AdamW, learning rate 1 x 10™*, weight decay 0.01, 6000 iterations and class-
weighted cross-entropy plus Dice loss; training time is the median over the ten runs of each
model and inference time the median over 24 full frames including flip averaging

Model Encoder Decoder Parameters Training time Inference (s per

(M) per fold (min) frame)
U-Net decoder
U-Net ResNet-50 (256-16 32.5 60 0.68
channels)
ASPP and
DeepLabV3+ ResNet-50, decoder (256 26.7 48 0.55
output stride 16
channels)
. All-MLP decoder
SegFormer MiT-B2 (256 channels) 24.7 74 2.08
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As a simple classical reference, a pixel-based Random Forest classifier [38] with 100 trees and a
minimum leaf size of five was trained on a limited set of features computed at a quarter of the
original resolution: the RGB and HSV channels, the excess green index, the visible atmospherically
resistant index and the normalized green red difference index, the local mean and standard
deviation of brightness in 5 x 5 and 15 x 15 windows, the Sobel gradient magnitude and the relative
row position in the frame. For each training frame up to 250 pixels per class were sampled, giving
about 600,000 training pixels per fold. The reference was evaluated with the same folds and metrics
as the deep models.

The experiments were implemented in Python with PyTorch 2.12, the Segmentation Models
PyTorch library 0.5.0 and scikit-learn 1.8, and run on a laptop workstation with an NVIDIA GeForce
RTX 2060 GPU (6 GB), an Intel Core i7-10750H CPU (2.60 GHz) and 32 GB RAM.

2.5. Evaluation Metrics

Accuracy was assessed from confusion matrices accumulated over all labeled pixels of the
evaluated frames at the processed resolution [32, 39]. For class ¢, TP,, FP, and FN, denote the
numbers of true positive, false positive and false negative pixels, N is the total number of evaluated
pixelsand C = 8is the number of classes. Overall accuracy (OA), precision (P.), recall (R.), F1-score
and intersection over union (IoU) are defined in Egs. (1)-(5).

¢C.TP
OA =521 ¢ (1
N
TP, TP
e (2)
TP, + FP, TP, + FN,
2P. R,
Fl,= (3)
° P.+R,
TP
IoU, = = (4)
TP, + FP. + FN,
Cc Cc
1 1
mloU = Ez IoU,, mF1 = EZ F1, (5)
c=1 c=1

IoU is the Jaccard index used in the PASCAL VOC benchmark [40], and mloU is the primary metric
of the UAVid benchmark [14]. OA is reported for completeness, although it is dominated by the
frequent classes. Two aggregation levels were used. Pooled estimates were computed from the sum
of the confusion matrices of all 420 out-of-fold predictions, and fold-wise estimates were computed
per test fold and summarized by their mean and standard deviation. In both cases every class
occurs in the reference and in the predictions, so none of the denominators in Eqgs. (2)-(4) is zero.

To test whether the protocols differ, the mloU of each sequence was computed from the confusion
matrix of its ten frames. Classes that occur neither in the reference nor in the prediction of a
sequence have an undefined loU and were omitted from the mean of that sequence. The paired
sequence-level differences between the random and the sequence-based protocol were tested with
the two-sided Wilcoxon signed-rank test [41], and 95% confidence intervals for the difference in
pooled mloU and OA were obtained with a cluster bootstrap that resamples the 42 sequences with
replacement (10,000 replicates). The same sequence-level test was used to compare models within
each protocol. The p-values were adjusted with the Holm procedure [42] within each family of
comparisons.

3. Results
3.1. Dataset Characteristics and Class Distribution

The 420 frames contain 3.57 x 10° labeled pixels at the original resolution. Building (27.5%), tree
(25.5%), clutter (18.9%), low vegetation (13.4%) and road (12.5%) account for 97.8% of the pixels,
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whereas static car (1.20%), moving car (0.89%) and human (0.12%) together account for 2.2%
(Table 3, Fig. 4). The frequent classes are present in almost all frames and in all 42 sequences.
Humans occur in 370 frames of 41 sequences, and moving cars in 334 frames of 39 sequences, so
the rare classes are widespread but occupy small areas in each frame.

Table 4. Class distribution of the 420 labeled UAVid frames at the original resolution, before the
correction of the two implausible human regions described in Section 2.2

Class Pixels (x 10°) Share (%)  Frames present Sequences present
Building 982.8 27.51 419 42
Tree 911.2 25.51 420 42
Clutter 674.6 18.88 420 42
Low vegetation 479.4 13.42 420 42
Road 445.3 12.47 417 42
Static car 42.8 1.20 409 42
Moving car 31.9 0.89 334 39
Human 4.2 0.12 370 41

27.51 2551

18.88

101_

100_

10—1_

Share of labeled pixels (%)

0 e e oM (o) . of o\ a0
QJN»“ « (ij quxao gpaeﬂdOcc 0¢W«3C %““0
N

Fig. 4. Share of labeled pixels per class (logarithmic scale)

3.2. Model Performance under Random Split

Under the random frame split the three deep models reached mloU values between 72.9% and
74.0% and OA values between 89.2% and 90.0% (Table 4, Fig. 5). U-Net obtained the highest mloU
(74.0%), followed by DeepLabV3+ (73.1%) and SegFormer (72.9%). The five folds gave very
similar results, with standard deviations of the fold-wise mloU between 0.7 and 0.9 points. The
Random Forest reference reached 28.5% mloU and 54.8% OA.

Table 5. Accuracy (%) under the five-fold random frame split; pooled values are computed from
all 420 out-of-fold predictions

Model OA mloU mF1 Mean precision Meanrecall Fold mloU (mean * SD)
U-Net 90.0 74.0 84.0 82.2 86.4 74.0+0.9
DeepLabV3+ 89.5 73.1 834 82.5 84.5 73.1+0.7
SegFormer 89.2 729 834 81.9 85.4 729+ 0.7
Random Forest 54.8 28.5 41.0 41.9 53.8 28.5+0.5

The correction of the two implausible human regions (Section 2.2) raised the pooled mloU of the
deep models by 0.2 to 0.3 points and their human IoU by 1.8 to 2.4 points under both protocols,
while the differences between the protocols changed by at most 0.1 point and all statistical
conclusions remained unchanged (Table A1l). All values reported below refer to the corrected
evaluation.
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3.3. Model Performance under Spatial Cross Validation

When complete sequences were held out, the mloU of the deep models decreased to 68.6-69.9%
and OA to 86.9-87.5% (Table 5). U-Net again obtained the highest mloU (69.9%), followed by
DeepLabV3+ (68.8%) and SegFormer (68.6%). The variation between folds increased markedly:
the standard deviation of the fold-wise mloU was 1.7 to 2.1 points, and fold-wise mloU values
ranged from 65.4% to 72.2%. The Random Forest reference reached 26.5% mloU.

Table 6. Accuracy (%) under the five-fold sequence-based spatial cross validation

Model OA mloU mF1 Mean precision Meanrecall Fold mloU (mean # SD)
U-Net 87.5 699 814 80.5 82.5 69.4 2.1
DeepLabV3+ 86.9 68.8 80.6 81.0 80.3 68.3+2.1
SegFormer 87.1 68.6 80.5 79.7 81.5 68.2+1.7
Random Forest 52.0 26.5 38.8 39.8 50.8 264+1.0

The paired comparison of the two protocols is summarized in Table 6 and Fig. 5. For the deep
models, the random split overestimated the pooled mloU by 4.1 to 4.3 points, which corresponds
to 5.5-5.9% of the random split estimate, and OA by 2.1 to 2.6 points. The 95% cluster bootstrap
intervals of the mloU difference did not include zero for any model. At sequence level, the random
split gave a higher mloU for 41 of the 42 sequences with U-Net and for all 42 sequences with
DeepLabV3+ and SegFormer; the median sequence-level difference was 3.3 to 4.0 points, and
individual sequences showed differences of up to 16 points (Fig. 5c). The Random Forest reference
showed a smaller absolute inflation of 2.0 mloU points, but a similar relative inflation (7.2%).

Table 7. Difference between the random split (R) and the sequence-based spatial cross validation
(S) in percentage points; confidence intervals from a cluster bootstrap over sequences and Holm-
adjusted p-values from two-sided Wilcoxon signed-rank tests on sequence-level mloU

Model mloU mloU AmloU (95% Relative A A OA(95% Sequences with
R S CI) (%) Ch) lower mloU

U-Net 74.0 69.9 4.1(3.0-5.3) 5.5 2.4 (2.0-2.9) 41/42 5.0 x 10711

DeepLabV3+ 73.1 68.8 4.3(3.4-5.3) 5.9 2.6(2.1-3.1) 42/42 1.8x 10712

SegFormer 729 68.6 4.3(3.1-5.8) 5.9 2.1(1.7-2.6) 42/42 1.8 x 1072

Adjusted p

Random _
Forest 285 26.5 2.0(1.5-2.6) 7.2 2.8 (2.2-3.6) 41/42 1.8x 10712
i (a) mloU 16 (b) Overall accuracy (c) Paired difference per sequence
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Fig. 5. (a) Pooled mloU and (b) overall accuracy of the three models under both protocols, with
dots showing the five fold-wise values; (c) paired difference in mloU between the random split
and the sequence-based cross validation for each of the 42 sequences, with horizontal lines
marking the median

The ranking of the models was the same under both protocols, with U-Net achieving a higher
sequence-level mloU than DeepLabV3+ (39 of 42 sequences under both protocols) and SegFormer
(37 and 34 of 42 sequences under the random and sequence-based protocols); the median
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differences were 1.0 to 1.7 points (Holm-adjusted p < 0.001). DeepLabV3+ and SegFormer did not
differ significantly (adjusted p = 0.20 under the random split and p = 0.80 under the sequence-
based validation). All deep models exceeded the Random Forest reference in every sequence, by at
least 24 and in the median by 37 to 41 mloU points.

3.4. Class Wise Mapping Accuracy and Qualitative Assessment

The class-wise loU values in Table 7 and Fig. 6 show that, under sequence-based cross validation,
buildings were mapped most accurately (IoU 89.3-90.7%), followed by road (80.1-80.8%) and tree
(78.7-79.5%). Low vegetation (65.4-66.4%) and clutter (66.0-67.3%) reached intermediate
values. Among the traffic classes, moving cars (68.1-72.4%) were mapped better than static cars
(58.9-62.7%), and humans had the lowest loU (38.8-39.8%).

Table 8. Class-wise IoU (%) under the random split (R) and the sequence-based spatial cross
validation (S); mean A is the average difference R - S over the three deep models; class-wise F1-
scores, precision and recall are available from the corresponding author upon reasonable request

Class U-Net R U-Net S DeepLabV3+ R DeepLabV3+ S SegFormer R SegFormer S MeAan
Clutter 73.6 67.3 72.8 66.0 71.8 66.7 6.1
Building 92.3 90.7 91.5 89.3 91.2 89.8 1.7
Road 85.6 80.8 85.1 80.4 84.2 80.1 4.5
Static car 73.1 62.7 71.2 60.7 70.3 58.9 10.8
Tree 82.1 79.5 81.5 78.7 81.5 79.1 2.6
Low vegetation 71.4 66.1 70.6 65.4 70.6 66.4 49
Human 37.2 39.8 37.6 38.8 40.2 39.8 -1.1
Moving car 76.4 72.4 74.4 71.1 73.3 68.1 4.2
U-Net DeeplLabV3+ SegFormer
Clutter| ‘l——‘
Building J_J

Road

Static car

—J
—
——

Tree ——
—— ol
—J

Low vegetation
Human

|
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
loU loU loU

Moving car

[ Random split Il Sequence-based CV

Fig. 6. Class-wise loU of the three models under the random split and the sequence-based
spatial cross validation

The inflation caused by the random split differed strongly between classes. It was largest for static
cars, with IoU differences of 10.4 to 11.4 points, and was driven by recall: the recall of static cars
decreased from 86.3-88.6% under the random split to 72.2-75.4% under sequence-based
validation, while precision changed by less than 3 points. Clutter (5.1-6.8 points), low vegetation
(4.2-5.3 points), road (4.0-4.8 points) and moving cars (3.3-5.2 points) showed intermediate
differences, and buildings (1.5-2.2 points) and trees (2.4-2.8 points) small differences. For
humans, the IoU under sequence-based validation was equal to or slightly higher than under the
random split (-2.5 to +0.4 points).

The confusion matrices of U-Net (Fig. 7) show where the additional errors on unseen sequences
occur. Under sequence-based validation, 10.5% of the static car pixels were assigned to clutter and
5.7% to moving car, compared with 4.7% and 2.5% under the random split. Confusion between the
two vegetation classes also increased: 13.5% of the low vegetation pixels were labeled as tree
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(10.8% under the random split), and 7.5% of the road pixels as clutter (4.8%). Humans were mainly
confused with clutter (19.2%) and road (7.5%) under both protocols.

U-Net, random split

Clutter 36 34 05 40 40 02 00

Building 01 13 02 00 00

Road - 4.8 04 13 05 03 08

Staticcar4{ 47 11 13 0.2 01 25

Treed 24 12 06 46 00 0.0
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Fig. 7. Row-normalized confusion matrices (%) of U-Net under the random split and the
sequence-based spatial cross validation

Fig. 8 shows out-of-fold predictions of the three models for frames of three sequences under
sequence-based validation. All models reproduce the layout of the road network, building blocks,
tree rows and parked vehicles, and their predictions differ mainly at object boundaries, in small
vegetation patches and in the separation of static and moving cars. Typical error situations are
shown in Fig. 9. Extended areas of low shrubs and cleared vegetation were classified as tree, large
trucks on the carriageway were labeled as static instead of moving cars, road surfaces under strong
tree shadows were assigned to clutter, and in crowded street scenes pedestrians were detected but
with incomplete extents and confusion with clutter.

RGB frame Reference

Seq. 22 Seq. 6

Seq. 18

I Clutter
Il Tree

I Building

U-Net

I Low vegetation

I Road
Il Human

DeeplLabV3+ SegFormer

Il Static car
Il Moving car

Fig. 8. Out-of-fold predictions under sequence-based spatial cross validation for frames of
sequences 6, 22 and 18
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RGB Reference U-Net (sequence CV) Errors (red)

Tree / low vegetation

Static / moving car

Road under shadow

Pedestrians

I Clutter M Building I Road Il Static car
Il Tree [ Low vegetation M Human M Moving car

Fig. 9. Typical error situations of U-Net under sequence-based spatial cross validation: low
vegetation labeled as tree, moving trucks labeled as static cars, road under tree shadow labeled
as clutter and a crowded pedestrian area; crops of 360 x 360 pixels at the processed resolution,

with red marking misclassified pixels

4. Discussion

4.1. Implications for Road Corridor Monitoring

The experiments indicate which corridor elements can be mapped reliably from RGB UAV imagery
of urban streets when a model is applied to flights that were not used for training. Buildings, road
surfaces and trees reached IoU values of about 80% or higher under sequence-based validation,
which is sufficient for inventory tasks such as delineating the carriageway, identifying roadside tree
rows or detecting changes in the adjacent built environment. Low vegetation and clutter were
mapped with IoU values of about 66%, and static cars with about 60%, so maps of grass verges,
shrubs and parked vehicles derived from new flights will contain a considerable share of
misclassified pixels. Pedestrians remained the most difficult class. Their low IoU is consistent with
the small number of pixels per person at a flying height of about 50 m, which was further reduced
by the down sampling used in this study, and with the extreme class imbalance of the dataset (Table
3).

The sequence-based estimates are also of the same magnitude as benchmark results that were
obtained on the sequence-disjoint official UAVid split. UNetFormer, for example, reported 67.8%
mloU on the UAVid test set [20], compared with 68.6-69.9% for the models of this study under
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sequence-based cross validation. Because that study used a different subset of sequences, image
resolution and training schedule, the values are not directly comparable, but the agreement
indicates that sequence-level separation yields accuracy estimates in the range known from
benchmark evaluation, whereas the random split places the same models about four points higher.
For practitioners who train models on their own corridor flights and evaluate them on randomly
selected frames of the same flights, this optimism translates directly into overconfident
expectations for subsequent survey campaigns.

4.2. Effect of Spatial Validation on Reported Performance

The consistent difference between the two protocols agrees with the literature on spatial
autocorrelation in remote sensing and ecological mapping, which has repeatedly shown that
random cross validation overestimates the accuracy of predictions for new locations [23, 25, 26].
Kattenborn et al. [27] reported the same effect for convolutional neural networks trained on UAV
imagery of vegetation. The present results add to these findings in two respects. First, the inflation
was observed in 41 or 42 of 42 sequences for every model and was of similar size fora CNN encoder
decoder, an atrous pyramid network and a transformer, which suggests that it is a property of the
data partition and not of a particular architecture. Second, random splitting also concealed the
variability of the accuracy between groups of flights: the fold-wise standard deviation of mloU
increased from below one point to about two points under sequence-based validation, so a random
split conveys an overly narrow picture of the uncertainty of the reported accuracy.

The class-wise pattern is consistent with the mechanism behind this optimism. In a random split,
most test frames have neighboring frames from the same flight in the training set, taken about 5 s
earlier or later. Stationary objects such as parked cars, clutter objects and low vegetation patches
appear in these neighboring frames at almost the same position and with the same appearance, so
the model can in effect recognize objects it has already seen. This explains why static cars, clutter
and low vegetation were the most inflated classes. Buildings and trees are large, frequent and
visually distinctive, so they are mapped well even in unseen scenes and gained little from the
leakage. Moving cars and pedestrians change position between frames, so the nearby training
frames provide less direct information about their location, which is consistent with the smaller
inflation for moving cars and the absence of inflation for humans. The magnitude of the overall
effect is moderate compared with some large-area ecological mapping studies [25], which is
plausible because all UAVid sequences were recorded with similar sensors, flying heights and
urban scene types, so that unseen sequences are still similar to the training data in many respects.

The sequence-based design is not the only valid validation strategy, since spatial cross validation
estimates the accuracy for new locations and can be pessimistic when the aim is to assess a map of
the sampled area itself [31], and rigorous map accuracy assessment ideally relies on a probability
sample of reference data [32]. For corridor monitoring, however, the typical use case is to apply a
trained model to new flights, other road sections or later campaigns, and the sequence-based
protocol matches this use case. The results therefore support grouping UAV frames by flight,
sequence or location when accuracy is estimated, in line with the leave-location-out and leave-one-
flight-out designs recommended for UAV mapping [9, 12] and with block cross validation in other
spatial prediction tasks [28, 30].

4.3. Model Behavior across Corridor Classes

The three deep models behaved similarly across classes, and the choice of validation protocol did
not alter their ranking. U-Net with a ResNet-50 encoder was about one point better than
DeepLabV3+ and SegFormer, while the latter two did not differ significantly. This result should not
be generalized to a statement on CNNs versus transformers: SegFormer was used with a reduced
decoder width, all models were trained for the same fixed number of iterations on about 330 frames
per fold, and larger transformer variants or longer schedules may benefit more from the data. The
finding that the ranking was stable is nevertheless practically relevant, because it means that model
comparisons made with a random split are not necessarily wrong, even though the absolute
accuracies are inflated.
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The main error sources were similar for all models, and the confusion between tree and low
vegetation reflects the limited spectral separability of vegetation types in RGB imagery; in the
oblique view, dense shrubs and low tree crowns have similar color and texture, and the distinction
relies on height and context. The separation of static and moving cars is inherently difficult in single
frames, as noted by the dataset authors [14], because the class depends on motion that is only
observable over time; large trucks in traffic were typically labeled as static. Strong cast shadows on
the road surface reduced the road recall, and pedestrians were missed or merged with clutter in
crowded scenes. The pixel-based Random Forest reference, which used a limited set of RGB indices
and local texture features at a quarter of the original resolution, reached less than 30% mloU and
almost failed for cars and humans. This shows that such a simple feature set is insufficient for
oblique UAV street scenes, in line with earlier comparisons of deep and classical learners in remote
sensing [8, 21], but it does not imply that classical classifiers with object-based or multi-scale
features would perform equally poorly.

4.4. Limitations and Future Work

Several limitations should be considered when interpreting the results. The experiments are based
on a single dataset of urban street scenes, and UAVid does not represent highway corridors with
wider verges, embankments and cut slopes; the absolute accuracies and the size of the protocol
effect may differ for rural and interurban road networks. The imagery is RGB only, so vegetation
types and surface materials could only be separated by color and texture. Frames were down
sampled by a factor of two, which reduces the detail available for small objects such as pedestrians,
and all models were trained with a fixed budget of 6000 iterations and a common learning rate
without model-specific tuning. Each protocol was evaluated with a single fold assignment; repeated
partitions with different random seeds were not computed, so the variability caused by the
assignment itself is not quantified, although the consistency of the effect across 41 or 42 of 42
sequences indicates that the main result does not hinge on a particular assignment. The loss
function was selected after short pilot runs on one sequence-based fold, so this fold was not entirely
independent of the training design. The test labels were taken from a third-party redistribution,
and two test frames contained implausible human labels, which were excluded from the evaluation
but remained in the training data. Sequences were also treated as independent units, although
some of them may have been recorded in neighboring parts of the same city; if so, the sequence-
based estimates may still be slightly optimistic compared with a transfer to entirely new regions.

Future work should evaluate the transfer of models trained on UAVid to other UAV datasets with
compatible classes, such as AeroScapes [43], and to corridor flights along highways, where
validation by road section or flight campaign can be applied directly. Multispectral and thermal
sensors could improve the separation of vegetation types and surface conditions, and temporal
models that exploit consecutive video frames are a natural way to distinguish moving from static
vehicles. Multi-temporal UAV and satellite observations would allow vegetation encroachment and
land cover change along the RoW to be monitored over time [44], and combining corridor land
cover maps with terrain information would support slope hazard assessment along road cuts and
embankments [45]. For traffic participants, object detection with localization measures suited to
tiny targets, such as the normalized Wasserstein distance [46, 47], could complement pixel-based
segmentation. Estimating the area of applicability of a trained model [48] would further help to flag
new flights whose conditions differ from the training data.

5. Conclusions

This study compared a random frame split with a sequence-based spatial cross validation for deep
semantic segmentation of UAV optical imagery of urban road corridors. U-Net, DeepLabV3+ and
SegFormer were trained under identical settings on all 42 labeled UAVid sequences, and every
frame was predicted once under each protocol. Across the three models, the random split
overestimated mloU by 4.1 to 4.3 percentage points and overall accuracy by 2.1 to 2.6 points, and
the optimism was present in 41 or 42 of the 42 sequences. It was concentrated in stationary and
context-dependent classes such as static cars, clutter, low vegetation and road, whereas buildings
and trees were affected little and pedestrians not at all. This class-wise pattern is consistent with
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information leakage between temporally adjacent frames of the same flight. Sequence-based
validation also revealed a two to three times larger variability of accuracy between groups of
flights, which a random split conceals.

On unseen flights, RGB-based deep segmentation mapped buildings, road surfaces and trees with
IoU values of about 80% or higher, low vegetation and clutter with about 66%, vehicles with 59-
72% and pedestrians with about 40%. These values indicate that the road surface, the adjacent
built environment and roadside tree rows can be inventoried reliably from RGB UAV imagery of
urban streets, whereas grass verges, shrubs, parked vehicles and pedestrians require further
improvement before they can be mapped operationally. The relative ranking of the models was not
affected by the validation protocol, with U-Net performing slightly better than DeepLabV3+ and
SegFormer under the fixed training budget used here, and all deep models clearly outperformed a
pixel-based Random Forest reference with a limited feature set.

For UAV-based road corridor monitoring, accuracy should be reported with validation schemes
that hold out complete flights or sequences, because these estimates correspond to the intended
application of trained models to new survey campaigns. Reporting class-wise metrics, the
variability between folds and confidence intervals obtained at the level of flights or sequences,
together with the fold assignment itself, makes such results easier to verify and compare. The
transfer of these findings to highway corridors, to other sensors and to repeated partitions of the
data remains to be tested in future studies.

Appendix A. Sensitivity to the Label Correction

Table A1l. Main results with the uncorrected and the corrected evaluation of the two implausible human
regions (%) under the random split (R) and the sequence-based spatial cross validation (S); A is R minus S
mloU with the 95% cluster bootstrap interval, sequences lower is the number of sequences with lower
mloU under S, and p is the unadjusted Wilcoxon signed-rank p-value

Human Human Sequences

i 0,

Evaluation Model mloU R mloU S IoUR IoU S A mloU (95% CI) lower p
Uncorrected U-Net 73.7 69.6 35.4 37.6 4.1 (3.1-5.3) 41/42 50x 101
Uncorrected DeepLabV3+  72.8 685 35.6 36.4 4.3 (3.4-5.3) 42/42 45x107%
Uncorrected SegFormer 72.6 683 38.1 37.7 4.3 (3.1-5.8) 42/42 45x%x 1073
Uncorrected Random Forest 28.5  26.5 1.3 1.2 2.0 (1.5-2.6) 41/42 9.1x10™%

Corrected U-Net 740 699 37.2 39.8 4.1 (3.0-5.3) 41/42 5.0x 107!

Corrected DeepLabV3+ 73.1 688 37.6 38.8 4.3 (3.4-5.3) 42/42 45x%x 1073

Corrected SegFormer 729 68.6 40.2 39.8 4.3 (3.1-5.8) 42/42 45x107%

Corrected Random Forest 285  26.5 1.3 1.2 2.0 (1.5-2.6) 41/42 9.1x107%3

Seq. 27, frame 300: excluded region (cyan) Seq. 27, frame 300: reference as distributed Seq. 27, frame 200: reference

e,

Yot

Seq. 39, frame 300: reference as distributed Seq. 39, frame 200: reference

Seq. 39, frame 300: excluded region (cyan)

Il Clutter M Building [ Road M Static car [l Tree [ Low vegetation [l Human [l Moving car

Fig. A1. Implausible human labels in two test frames: the excluded regions (cyan, left), the reference
labels as distributed (middle) and the reference labels of the preceding labeled frame of the same
sequence (right), in which the corresponding areas are labeled clutter, tree, low vegetation or road
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Data Availability

The UAVid dataset is available from the UAVid website (https://uavid.nl/) and from the DANS Data Station
(doi:10.17026/dans-x9f-w9sa) under a CC BY-NC-SA 4.0 license. The fold assignment, the corrected and
uncorrected per-frame, per-sequence and class-wise metrics, the masks of the excluded label regions, the
training and evaluation scripts and the software environment are available from the corresponding author
upon reasonable request.
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