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Abstract

Utility poles are an essential part of the infrastructure used to support power distri-
bution systems and other critical public services. Their regular inspection is crucial to
ensure the stability and safety of the electrical grid. A deep learning framework is pre-
sented for the automated detection, segmentation and lean angle estimation of wooden
utility poles, and classification of attached electrical warning signs, using ground-level
imagery. The system is trained on a custom dataset of 4,570 annotated images extracted
from Google Street View, featuring challenging real-world scenes with visually ambigu-
ous wooden poles lacking distinctive features. The proposed model is based on the
Detection Transformer (DETR), suitably modified and trained on the custom dataset.
The model outperforms standard object detectors (RetinaNet, Faster R-CNN, YOLOv3-
Tiny), achieving a mean average precision of 90.43% for pole detection and 88.26%
for sign detection. Extending this model with a segmentation head enables per-instance
mask generation, which is then used to estimate pole lean angle. The model accurately
estimates lean for 1,367 out of 1,433 test-set poles, with a mean absolute error of 1.01◦.
Moreover, the custom dataset created in this work is also made publicly available to be
used as a benchmark.

1 Introduction
A reliable electricity supply hinges on the condition of overhead-line (OHL) infrastructure.
In Great Britain alone, wooden poles carry more than 800000 km of distribution cables [12].
To survey this infrastructure, annual foot patrols and costly helicopter surveys remain the
norm, yet they are hazardous, slow, and subjective. Attempts to automate inspection with
helicopters [14], UAVs [11], or climbing robots [7] have been hindered by camera stabil-
isation, obstacle traversal, and limited computer-vision accuracy. Recent object detectors
based on Convolutional Neural Networks (CNN) (e.g. RetinaNet, Faster R-CNN, YOLO)
improve pole localisation [9, 17], but struggle with visually ambiguous wooden poles with-
out crossarms and provide no direct geometric descriptors such as lean angle.

This paper presents a unified detection–segmentation pipeline, based on the Detection
Transformer (DETR) [3], that both detects wooden poles and warning signs and estimates
pole lean angle from a single Google Street View (GSV) image. To support training and
evaluation, the first open dataset of its kind has also been curated in this work: 4,570 GSV
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images containing 6,773 poles and 1,805 signs, partitioned into 2920/730/920 train/val/test
images. We release OHL-UK with trained checkpoints [5].

The fine-tuned DETR model achieves a mean average precision (mAP) of 90:43 % for
pole detection and 88:26 % for sign detection, surpassing RetinaNet, YOLOv3-Tiny, and
Faster R-CNN baselines. By attaching a lightweight segmentation head, the model also
estimates pole lean angle with a mean absolute error of 1:01◦; 98 % of predictions lie within
5◦, and 90 % within 2◦, outperforming prior work by up to 22:3 %.

The contribution of this work is three-fold:

1. OHL-UK Dataset: the first publicly shareable GSV corpus of wooden poles without
crossarms, with bounding-box and pixel-level annotations.

2. DETR-based detection model: state-of-the-art accuracy on pole and warning-sign
detection.

3. Segmentation extension for lean-angle estimation: integrated in the same network,
delivering 1:01◦ MAE without multi-stage heuristics.

The remainder of the paper is organised as follows. Section 2 details the dataset creation,
augmentation pipeline, model architecture, and lean-angle estimation strategy. Section 3
presents a comprehensive empirical evaluation, including detection benchmarking, segmen-
tation accuracy, and ablation studies. Section 5 outlines the system’s limitations and tech-
nical challenges observed during experimentation. Section 6 summarises key contributions
and suggests directions for future research.

2 Methodology

2.1 OHL-UK Dataset: Wooden Utility Pole and Sign Corpus
To support the development and evaluation of the detection and lean estimation framework, a
large-scale dataset of wooden utility poles and attached electrical warning signs was curated.
The dataset, termed OHL-UK, was constructed using ground-level imagery obtained via the
Google Street View (GSV) API [13]. Collection was guided by over 670,000 geographic co-
ordinates provided by UK Power Networks. For each coordinate, four images were captured
at compass headings of 0◦, 90◦, 180◦, and 270◦ to maximise pole visibility. Images were
cropped to 640×640 pixels and manually filtered to remove irrelevant scenes.

Two object classes were annotated, namely Wooden utility poles, including visually
ambiguous poles without crossarms; and Electrical warning signs, typically affixed to poles
and occupying small pixel regions.

Annotations were generated using the VIA tool [6] and stored in COCO-style JSON for-
mat, including both bounding boxes and polygonal segmentations. Each pole annotation is
additionally labelled with a lean angle in degrees, computed by fitting a line to the segmen-
tation mask using OpenCV’s fitLine() method.

To improve generalisation during training, a set of data augmentations was applied, in-
cluding horizontal flips, random resizes, size-crops, colour jitter, histogram equalisation, and
rotations. These augmentations follow schemes proposed in [4, 10], adapted for ImageNet-
pretrained backbones.

A breakdown of dataset composition, annotation types, and class distributions is sum-
marised in Table 1. Figure 1 illustrates representative examples of the two object classes
present in the dataset.
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Table 1: Summary statistics of the OHL-UK dataset.

Total images 4,570
Image resolution 640×640 pixels
Object classes Wooden utility pole, Electrical warning sign
Annotation types Bounding box, polygonal mask, lean angle
Annotated poles 6,773
Annotated signs 1,805
Train/Validation/Test split 2,920 / 730 / 920 images

• Poles per split 4,269 / 1,068 / 1,490
• Signs per split 1,008 / 250 / 552

Data source Google Street View API
Annotation format COCO JSON (via VIA tool)
Augmentation types Flip, resize, crop, jitter, equalisation, rotation
Dataset availability Public release upon paper acceptance

(a) Wooden utility pole (b) Danger of Death sign
Figure 1: Examples of a wooden utility pole and an electrical warning sign from the OHL-
UK dataset.

2.2 Model Architecture
The object detection pipeline is based on the DEtection TRansformer (DETR) [3] (Figure 2),
which combines a ResNet-50 convolutional backbone with a transformer encoder–decoder
and a bipartite matching loss. Unlike traditional detectors, DETR eliminates the need for
hand-crafted anchors and non-maximum suppression by directly predicting a fixed set of
object queries. The model is adapted to a binary classification task for detecting wooden
poles and warning signs. It is fine-tuned using the AdamW optimiser with focal loss terms
to address class imbalance.

To support per-instance orientation estimation, the base DETR model is extended with
a segmentation head. This module enables the generation of dense binary masks for each
detected object, including visually ambiguous wooden utility poles. Figure 3 shows the
overall structure of the segmentation extension.

The segmentation head attaches to the output of the transformer decoder and produces
a high-resolution mask for each object. This design follows the panoptic extension de-
scribed in [3], incorporating multi-head attention and feature upsampling to enable accurate
instance-wise masks.

Estimated pole masks are post-processed using OpenCV’s fitLine() function to ob-
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Figure 2: DETR architecture: a convolutional backbone extracts features from the input
image, which are processed by a transformer encoder–decoder to generate object predictions.
Adapted from [3].
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Figure 3: Segmentation head added to DETR, enabling binary mask prediction for each
detected utility pole. Adapted from [3].

tain the dominant orientation vector. From this, the lean angle q is computed as:

q = arctan
(

rise
run

)
(1)

Here, rise and run refer to the vertical and horizontal components, respectively, of the line
of best fit through the segmented mask. Each angle is recorded in degrees and appended
to the corresponding pole annotation as supplementary metadata. The full model is trained
end-to-end, with classification, box, and mask losses optimised jointly.
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2.3 Hardware and Training Setup

Training and evaluation were performed on the ARCHIE-WeSt HPC [1] at the University of
Strathclyde using an NVIDIA A100 40GB GPU. The software stack included Python 3.9,
PyTorch, TorchVision, and Keras. DETR was initialised with ImageNet-pretrained weights.
All experiments were scripted for reproducibility.

3 Baseline Experiments

This section presents a comprehensive evaluation of the object detection and segmentation
components of our framework. We benchmark the DETR model against established deep
learning detectors—RetinaNet, YOLO v3-Tiny, and Faster R-CNN—using consistent hyper-
parameters, dataset partitions, and evaluation metrics. Additionally, we assess the extended
DETR + segmentation architecture for its ability to estimate pole lean angle with high preci-
sion.

3.1 Common Experimental Setup

All models were trained on a dataset of 2,920 images, validated on 730 images, and eval-
uated on a held-out test set of 920 images containing 1,490 utility poles and 552 warning
signs. Each model underwent a 5-fold cross-validation, using strati�ed splits to maintain
class distribution. Evaluation metrics include mAP, true/false positives and negatives, F1
scores, and Intersection-over-Union (IoU) detection thresholds.

The following hyperparameters were applied uniformly unless model-speci�c constraints
required modi�cation:

• Batch size: 1 (RetinaNet, YOLO v3-Tiny, Faster R-CNN); 4 (DETR)

• Epoch count: 200 (RetinaNet, YOLO v3-Tiny, Faster R-CNN); 300 (DETR)

• Optimiser: Adam (RetinaNet, YOLO v3-Tiny); SGD (Faster R-CNN); AdamW (DETR)

• Augmentations: horizontal �ip, resizing, cropping, rotation, colour jitter, equalisation

• Cross-validation folds: 5

To optimise detection performance, an ablation study was performed on the DETR model
by varying the learning rate, weight decay, and data augmentation combinations. Each con-
�guration was trained for 300 epochs, and mAP was recorded for poles and signs. The best
result—mean mAP of 90.46%—was achieved with a learning rate of 1� 10� 5, weight de-
cay of 1� 10� 4, and the following data augmentations: random horizontal �ip, colour jitter,
equalisation, random resize, random size crop, and rotation. This con�guration was used for
all subsequent experiments.

Each model's optimal con�guration was identi�ed via cross-validation. The best check-
point was then evaluated on the held-out test set. Performance was reported at IoU thresholds
from 0.0 to 1.0, capturing detection robustness across a range of spatial precision require-
ments.




