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Automated sewer defect detection has advanced through deep learning, particularly supervised methods
using CCTV images, but based on large annotated datasets. This paper proposes a semi-supervised learning
(SSL) approach to reduce labeling demands. The method comprises self-supervised pre-training on unlabeled
images using SWAV (Swapping Assignments between multiple Views) followed by fine-tuning for multi-label
classification. Experiments on the Sewer-ML dataset demonstrate that the SSL approach, trained on only 35k
labeled images, achieves an F1-score of 69.11%, and F2, of 54.22%, surpassing the fully supervised baseline
trained from scratch on 1.04 million images. Increasing the unlabeled pre-training data further enhances
performance, while ImageNet initialization consistently outperforms training from scratch. Self-supervised
learning also helps mitigate the effects of mislabeled data, which is observed to be present even in the Sewer-
ML ground truth. Overall, self-supervised learning provides an accurate, scalable, and cost-effective alternative

to fully supervised approaches, particularly in data-scarce or imperfectly labeled scenarios.

1. Introduction

The sewerage system plays a vital role in urban drainage, as it
serves as a fundamental function in the collection and transportation
of wastewater and stormwater [1]. However, as the pipeline network
ages and is exposed to external pressures such as urbanization and
climate change, deterioration may arise [2]. Undetected early-stage
defects (e.g., cracks, infiltration, displaced joints) may develop into
major structural failures and consequently lead to environmental pol-
lution and public health risks [3,4]. Therefore, regular and timely
condition assessment is critical for both planning maintenance activities
to prevent such consequences and for evaluating and ensuring the long-
term performance of the system [5]. At the same time, the continuous
expansion of urban drainage networks increases the scale and complex-
ity of inspection demands, which is exemplified by an 8% increase in
the Dutch gravity network length from 2016 to 2024 [6]. This growth,
combined with a tight labor market, poses significant challenges for
conducting large-scale and data-driven inspections.

Traditional condition assessment techniques frequently lead to de-
lays; therefore, there is a shift towards proactive methods [7,8]. These
approaches can be broadly categorized into visual and non-visual tech-
niques. Visual methods, such as CCTV and zoom camera inspections,
provide direct imagery for assessing pipe conditions, while non-visual
methods, including electromagnetic, infrared, laser profiling, acoustic,
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and ultrasonic sensing, detect anomalies through physical signal mea-
surements [3,9]. Among these, CCTV inspection is the most widely
used due to its detailed visual information and practicality. However,
it still depends on manual evaluation by experienced inspectors, which
makes the process time-consuming, subjective, labor-intensive, costly,
and highly dependent on expertise [10].

Researchers have therefore explored deep learning-based automated
methods to improve the efficiency and consistency of sewer inspec-
tion [11,12]. Most of these models, however, are usually based on
supervised learning (SL), which requires extensive and well-labeled
datasets for an accurate and reliable model. Sewer defect annotation
requires specialized domain expertise, making large-scale labeling both
costly and time-consuming. Although previous studies have not re-
ported the time required for manually generating labels for a sewer
detection dataset, studies from other fields indicate significant time
involved. For example, annotating 1000 instances across 91 common
categories (e.g., car, people) with pixel-level segmentation masks in the
COCO dataset requires more than 22 worker hours [13]. This highlights
that fully supervised methods, though effective, rely on considerable
human labeling and therefore involve significant resource demands.

The sewer domain is inherently data-scarce, as collecting large vol-
umes of images from underground pipes is both challenging and costly.
In addition, the sharing of sewer inspection data is highly restricted,
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since most datasets are collected by private or municipal utility compa-
nies and are not released publicly due to confidentiality and ownership
issues [14]. Moreover, the annotation process is labor-intensive and
highly dependent on the inspector’s expertise and subjective interpre-
tation, which makes the labeling process prone to inconsistencies or
mislabeling [15]. Even expert-annotated sewer datasets exhibit labeling
uncertainty due to variations in interpretation [16]. These constraints
highlight the urgent need for learning approaches that remain robust
and accurate even when only limited and potentially noisy data are
available.

To overcome the limitations posed by data scarcity, transfer learn-
ing (TL) and self-supervised learning have emerged as promising strate-
gies. TL enables models to leverage knowledge from large-scale datasets
such as ImageNet [17] and adapt to sewer-specific visual features using
smaller labeled datasets. This provides a better starting point com-
pared to training from scratch, thereby improving generalization across
different pipe systems [18,19]. On the other hand, self-supervised
learning allows models to learn meaningful visual representations di-
rectly from unlabeled data, significantly reducing the dependence on
costly manual annotations [20-22]. Semi-supervised learning (SSL) is
an effective approach that leverages both labeled and unlabeled data
to improve model performance [23]. In practice, SSL typically involves
self-supervised pre-training on large unlabeled datasets, followed by
fine-tuning on a smaller labeled subset. The superiority of the SSL
approach compared to supervised baselines has been demonstrated in
recent studies [24,25]. Its applicability extends to numerous fields,
especially where vast amounts of unlabeled data are available and
labeling is impractical [26].

The core motivation of this paper is to reduce the dependence
on large, expert-annotated datasets in sewer defect classification by
integrating SSL to address the limitations of both conventional human-
driven CCTV inspections and fully supervised machine learning meth-
ods. By leveraging large quantities of unlabeled CCTV images for
self-supervised pre-training and a small, labeled subset for fine-tuning,
we achieved competitive performance with 35,360 images, approxi-
mately 30 times fewer samples, corresponding to a 96.6% reduction
compared to the 1.04 million images in the Sewer-ML dataset. This
efficiency demonstrates the potential of self-supervised learning to
overcome the annotation bottleneck and offers a practical path for
real-world implementation. Furthermore, SSL provides a pathway for
utilities to exploit the vast amount of unlabeled CCTV footage they
already possess, which is unsuitable for training traditional super-
vised models, to build strong domain-specific representations prior
to fine-tuning. In practical terms, the proposed framework facilitates
large-scale and cost-efficient inspections, enhances maintenance priori-
tization, and supports data-driven condition assessment planning, while
minimizing reliance on extensive manual labeling.

2. Related work

Deep learning offers a wide range of methods for learning features
from visual data in computer vision, beyond traditional image process-
ing techniques such as edge detection and morphological operations,
which are limited to the analysis of individual pixels [27,28]. Especially
in the last decade, computer vision techniques have made significant
progress in automated defect detection in civil infrastructure, includ-
ing sewer inspection [29]. Below, key computer vision approaches in
sewer inspection are discussed, followed by a review of label-efficient
techniques and recent advances in self-supervised learning.

2.1. Sewer defect classification with computer vision
Automated sewer defect classification in CCTV images has advanced

with computer vision techniques based on deep learning. Early studies
demonstrated the viability of Convolutional Neural Networks (CNNs)
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for multi-class sewer defect classification. Kumar et al. [12] used multi-
ple binary classification layers, each trained separately for three defect
types: root intrusion, deposits, and cracks. Subsequent work by Meijer
et al. [1] proposed a single CNN to overcome the drawback of inef-
ficient multiple layers. They used 2.2 million images with 12 defect
classes, which reflects the real distribution of defect classes.

Hassan et al. [30] developed an integrated AlexNet-based model
for sewer defect classification on CCTV videos and localization from
a text recognition module, achieving up to 96.33% accuracy across six
defect types. Xie et al. [31] and Li et al. [32] addressed data imbalance
using hierarchical CNNs that first distinguished defective from normal
images before classifying specific defect types. Despite this progress,
these models were limited by their reliance on large labeled datasets
and struggled to detect co-occurring defects within a single image.

While the literature primarily focuses on binary and multi-class
studies, recent research has also addressed multi-label classification.
Haurum and Moeslund [33] introduced a large multi-label classification
dataset for sewer defects, “Sewer-ML”. This is the first large-scale public
multi-label dataset for sewer defect classification. They evaluated the
performance of state-of-the-art approaches in both sewer defect classi-
fication and multi-label classification domains. However, the Sewer-ML
benchmark studies have relied on training models from scratch, without
exploiting the potential benefits of transfer learning. There is also
severe imbalance in the distribution of defect classes, which presents
a challenge for consistent model performance across all categories.

Despite the success of deep learning in sewer defect classification,
achieving robust performance remains a significant challenge in the
data-scarce sewer domain and for label-dependent models. This high-
lights the need for label-efficient learning methodologies. Reducing
dependency on labeled data has been explored in deep learning using
various strategies, such as data augmentation and transfer learning.
Nonetheless, SSL offers a more scalable methodology by using un-
labeled data to learn domain-specific representations. The following
sections review these label-efficient strategies within the sewer domain
and discuss current advancements in SSL.

2.2. Label-efficient strategies for sewer domain

Data augmentation and transfer learning can be practical ways to
reduce the annotation burden. For example, Zhou et al. [34] proposed
a label-efficient approach with a CNN for six defect classes by applying
data augmentation and transfer learning. They showed that data aug-
mentation improved prediction accuracy by 15%, while a transferred
SqueezeNet achieved slightly higher accuracy but required 13 times
more computation time. Similarly, Situ et al. [18] demonstrated the
efficiency of transfer learning for improved prediction performance
on sewer defect detection with the YOLO network [35]. While they
reduced the label dependency indirectly, there is still a need for labeled
data for a more generalized model.

A shift towards “Machine Supervision” by Singh et al. [36] demon-
strated that machine-level supervision can reduce label dependency,
achieving comparable performance with 50% fewer annotations in
medical imaging. In light of this, several studies have been conducted
with self-supervision strategies for the sewer domain as well. Qiu
et al. [37] implemented unsupervised learning at the system level to
develop early warning systems for sewerage anomalies, providing a
data-efficient solution. Yin et al. [38] developed a cost-effective method
for sewage defect localization at the image level. This method utilizes
weakly supervised object localization (WSOL) to generate heatmaps
from Sewer-ML’s [33] image-level labels, eliminating the need for
bounding box annotations. Beyond images, Li et al. [39] introduced
semi-supervised point-cloud segmentation for sewer defects, showing
that leveraging abundant unlabeled data can improve performance
while reducing annotation cost. In this regard, approaches that increase
label efficiency by integrating this line of research into sewer defect
classification are considered.
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Fig. 1. Illustration of two-part approach. (a) Stage 1 - Pretext task: A ResNet101 backbone network is pre-trained with SWAV on a large number of unlabeled
images of sewer defects. (b) Stage 2 - Downstream task: The learned representations are transferred, and the model is fine-tuned on a limited annotated dataset
for supervised multi-label defect classification. The probability of each defect is then calculated, denoted as P(defect).

2.3. Self-supervised learning

Self-supervised learning has emerged as a powerful approach to
overcome the limitations of SL, such as data scarcity or difficulties in
labeling data. In contrast to supervised learning, which relies on a vast
amount of labeled data, self-supervised models can learn underlying
structural meaning from the data itself. This enables the model to
generalize better on unseen data. Self-supervised learning methods are
broadly divided into contrastive and non-contrastive approaches [40].
Contrastive methods, such as Simple Framework for Contrastive Learn-
ing of Visual Representations (SimCLR) [41], learn by distinguishing
between similar and dissimilar pairs, where similar pairs are created
through data augmentations (e.g., cropping, color jitter) of the same im-
age. The model is trained to extract features that are invariant to such
transformations. Non-contrastive methods include clustering-based ap-
proaches like Swapping Assignments between Views (SwAV) [42],
which assign pseudo-labels by grouping similar representations and
training the model to predict cluster assignments. This helps reveal
semantic structure in unlabeled data. Other non-contrastive strategies
include generative methods [43,44], which reconstruct parts of the
input, as well as predictive models [45] that infer missing or future
data.

Recent applications of self-supervised learning in several domains
have shown that the method is highly efficient in capturing repre-
sentations without relying on extensive labeled datasets. For example,
Azizi et al. [46] applied self-supervised learning to medical images
and achieved higher classification accuracy compared to supervised
baselines. Zabin et al. [47] adopted contrastive learning for defect
detection on metal surfaces and demonstrated its generalization capa-
bility. In agriculture, Guldenring and Nalpantidis [48] utilized SWAV
for plant classification and showed improved accuracy with few an-
notations. Recently, Jia et al. [25] proposed a SwAV-based two-stage
semi-supervised approach for floating litter detection in environmental
monitoring, demonstrating that the self-supervised approach improves
generalization performance under limited data conditions.

SwAV has achieved superior performance on ImageNet, outperform-
ing SimCLR and MoCo [49] while being memory efficient. Its advantage

arises from the online clustering strategy, which allows representations
of both positive and negative samples to converge when they share
similar structural patterns. This characteristic is particularly relevant
for sewer imagery, where repetitive textures and patterns frequently
occur within defect classes. In addition, the successful applications
of SWAV in the environmental domain [25,48] have further proved
its robustness. Driven by these strengths, SWAV is implemented for
self-supervision to explore its potential in sewer defect classification.

3. Methods and materials

This section presents the methodological framework of this paper.
First, a two-stage semi-supervised learning pipeline is introduced, with
the implementation details of both stages presented subsequently. This
is followed by a description of the dataset used in the paper and an
outline of the methodological approach adopted to analyze labeling
inconsistencies.

3.1. Semi-supervised learning for sewer defect classification

A two-stage semi-supervised learning framework is proposed as
illustrated in Fig. 1. The first stage involves self-supervised pre-training
using a pretext task, enabling the model to learn general and domain-
relevant representations from unlabeled images. Specifically, a
ResNet101 backbone [50] is trained using the SwAV method [42].
The second stage performs supervised fine-tuning on the downstream
classification task, where the pre-trained model is fine-tuned on a
small set of labeled images. The learned representations from the self-
supervised stage are transferred, and a fully connected layer is added
to produce the final multi-label classification output. The subsequent
sections provide a detailed description of these phases.

3.1.1. Stage 1: Self-supervised pre-training using SWAV

For pre-training, the SwWAV self-supervised learning approach is
employed. SWAV is a hybrid self-supervised framework that integrates
contrastive learning with clustering-based objectives for representation
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Fig. 2. Illustration of SWAV workflow [42].

learning [42]. SWAV has demonstrated effectiveness in various com-
puter vision tasks, achieving comparable accuracy to state-of-the-art
supervised models [51]. In contrast to traditional contrastive learn-
ing, the SWAV model can learn representations by performing cluster
predictions between multiple augmentations of the same image with-
out distinguishing between positive and negative samples. The SWAV
architecture for swapped predictions is shown in Fig. 2.

The procedure starts with a batch of images X, each undergoing
different augmentations, resulting in X; and X;. For simplicity, only two
augmentations are shown in Fig. 2. The encoder network and the subse-
quent projection head (i.e., fully connected layers) then process these
augmented views to create feature vectors Z; and Z;. The vectors are
mapped to the prototypes designated as C, resulting in their assignment
to clusters Q; and Q; using the Sinkhorn-Knopp algorithm [52]. The
clusters serve as pseudo-labels, and the model is trained to predict Q;
from X;, a process called swap prediction. The SWAV loss, a swapped
prediction loss, is then computed to optimize the encoder. This loss
function assesses the degree of similarity between the feature vectors
and the corresponding prototype clusters. The mathematical formula
for the loss function is given by Caron et al. [42], as follows:

L(Ziszj):l(Zij)‘Fl(Zj,Qi) (€D)]

where /(z, Q) calculates the coherence between the cluster predictions
QO and the feature z and is computed as follows:
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where 7 is a temperature parameter that indicates the sharpness of the
probability distribution and C, is the mapped prototype vector.

ResNet101 is employed as the encoder network, as it is a deep
neural network that works well with complex image data to extract
high-level features. Following Jia et al. [25], the network is initialized
with ImageNet-1K pre-trained weights to avoid poor local minima and
accelerate convergence, rather than using random initialization prior
to SWAV training.

3

3.1.2. Stage 2: Supervised fine-tuning for multi-label classification

In this section, the transfer learning approach is implemented in the
context of semi-supervised learning. In transfer learning, knowledge
from a related task is used to improve performance on a new task
with limited labeled data [53]. A model is first trained on a large
data set and then fine-tuned on a smaller, task-specific data set. The
knowledge acquired during the pretext phase is transferred to the
subsequent multi-label classification downstream task. The ResNet-101
backbone is extended with a multi-label classification head comprising

an additional fully connected layer for final class prediction. Full fine-
tuning is performed, updating all model parameters such that the
pre-trained weights provide effective initialization while the network
further adapts the learned representations to the target task.

To optimize the multi-label classification objective, the network is
trained using a weighted binary cross-entropy (WBCE) loss to address
class imbalance among defect classes. The formulation from the Sewer-
ML benchmark [33] is adopted. For each class ¢ € {1,...,17}, the loss
is defined as

(e}
r- L Z _[wgefﬁ y.logo(x,) + (1 - y.)log(l — a(xc))], @

c=1
where C =17, y, € {0, 1} is the ground-truth label, x, is the raw output
of the model, and o(-) denotes the sigmoid activation. Following [33],
the per-class weight w, is defined as the ratio of negative to positive
samples.
N - N,
c N k4

c

w

(5)

where N is the total number of training samples, and N, is the
number of samples containing class c. However, directly applying w,
can yield excessively large weights for rare defects, leading to degraded
precision and unstable training. To mitigate this, a moderation strategy
is introduced:

wiefﬂ = a4/ clip(w,, 1, 7) 6)

In Eq. (6), the clip function limits excessively large weights to
a threshold z, the square-root transformation reduces their dynamic
range, and the scalar a controls the global weighting strength. In
the implementation, ¢ was empirically set to 10 and « = 1.0. This
moderated weighting preserves the recall improvement for minority
classes while preventing false-positive inflation, thus achieving a more
stable precision-recall balance.

3.2. Dataset

This paper employs the publicly available Sewer-ML multi-label
classification dataset presented by Haurum and Moeslund [33]. The
dataset comprises 1.3 million images of sewer pipes with various
defects in 17 classes, such as cracks, deformations, obstacles, roots,
and infiltrations, as well as images without defects. To facilitate vi-
sual understanding, representative image samples from all classes of
the Sewer-ML dataset are provided in Figure A.1 of the supplemen-
tary material. Sewer-ML includes 1.04 million training images, 130k
validation images, and 130k test images. The training set is used
for self-supervised pre-training, supervised fine-tuning, and validation.
Subsequently, the original validation set is used as the test dataset,
as the labels of the Sewer-ML test dataset are not publicly available.
Data preprocessing and augmentation for training are explained in
Section 4.1.
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3.3. Assessment of labeling consistency via feature-space analysis

To support the rationale for adopting a self-supervised learning ap-
proach that relies less on carefully labeled data, dataset consistency was
examined via feature-space analysis to identify potential labeling noise
that could affect model performance. For this analysis, 4202 images
were selected with particular attention to minimizing obvious labeling
errors. Feature embeddings were extracted from a ResNet-101 model
pre-trained on ImageNet to capture high-level visual representations.
To facilitate visualization, these features were reduced to 50 dimen-
sions using Principal Component Analysis (PCA) [54] and subsequently
projected into two dimensions with t-distributed Stochastic Neighbor
Embedding (t-SNE) [55]. The resulting 2D projections were examined
to evaluate intra- and inter-class coherence and to identify samples
that appeared visually disconnected from their assigned clusters. Such
outliers were considered indicative of possible labeling inconsistencies.

4. Implementation details

This section outlines the practical aspects of implementing the
proposed SSL framework. Dataset construction and preprocessing are
described for both self-supervised pre-training and supervised fine-
tuning, followed by architectural configurations. Additionally, compu-
tational environment details and evaluation metrics are reported for
full reproducibility and transparency of the experimental setup.

4.1. Data preprocessing and augmentation

This section describes the construction of unlabeled and labeled
subsets and the resizing, normalization, and augmentation procedures
used for SWAV pre-training and subsequent multi-label fine-tuning.

4.1.1. Pre-training

Several experiments were conducted to select the optimal SwAV
pre-trained model. These experiments examined the influence of pre-
training dataset size and pre-training duration on downstream multi-
label classification performance. The training set of Sewer-ML was
divided into 14 subfolders so that the class distribution corresponds to
the original distribution. The distribution is such that half of the images
are normal pipe images, and the rest have one or more defect labels
per image. No labels are used during the self-supervised pre-training;
the reported proportions are provided only to characterize the data
(see Supplementary Table B.1). Three pre-training sets were formed by
merging complete subfolders in a fixed order. The first subset contains
104,013 unique images from one subfolder, the second with 208,026
images from two subfolders, and the third with 312,039 images from
three subfolders, corresponding to the maximum dataset size permitted
by the available computational capacity. These numbers represent the
unique base images in each batch prior to any data augmentation.

The image preprocessing included tensor conversion, resizing to
224 x 224 pixels, and standard ImageNet normalization (mean =
[0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]). Data augmentation
is crucial during pre-training with SWAV, as it forms the starting point
of the procedure. The default augmentations from the SWAV framework
by Caron et al. [42] were then employed. These include multi-crop with
8 views — 2 images at 224 x 224 pixels and 6 images at 96 x 96
pixels resolution — as well as horizontal flipping, color distortion, and
Gaussian blur. Since sewer images have unique visual characteristics,
it is essential to preserve feature integrity during augmentation while
ensuring generalizability. Therefore, smoother data augmentations are
applied by reducing the strength of Gaussian blur to 0.1 and color
distortion to 0.5. Each model was trained separately on the correspond-
ing dataset batch using the same augmentation settings. Training was
conducted for up to 80 epochs for all experiments.
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Table 1
Summary of defective and non-defective images across fine-tuning dataset
batches.

Batch Defective images per class Non-defective images Total images
Batch 1 65 1105 2210

Batch 2 130 2210 4420

Batch 3 260 4420 8840

Batch 4 520 8840 17,680
Batch 5 1040 17,680 35,360

4.1.2. Fine-tuning

A limited labeled subset was used to fine-tune the pre-trained
model for multi-label classification. Fine-tuning samples were randomly
selected from the portion of the Sewer-ML training split not used during
self-supervised pre-training, ensuring no overlap between phases. Each
image was stored once and annotated with a multi-hot vector over the
17 defect classes. “Non-defective” (ND) was additionally treated as an
implicit 18th class for training and evaluation (ND = 1 if all defect
entries are 0). No label-based image duplication was performed; images
with co-occurring defects contained multiple positive entries.

To evaluate the impact of labeled data volume on model perfor-
mance, five labeled subsets were constructed by varying the number of
labeled images per defect class. Specifically, the training and validation
subsets contained 50-15, 100-30, 200-60, 400-120, and 800-240
labeled images, respectively. For instance, Batch 1 included 50 train-
ing and 15 validation images per defect class (850 training and 255
validation images in total). To preserve the overall distribution of the
original dataset, an equal number of non-defective (ND) images was
included relative to the number of defective images, resulting in a
balanced composition. Consequently, the total dataset sizes were 2210,
4420, 8840, 17,680, and 35,360 images for Batches 1-5, respectively.
The detailed distribution of defective and ND images across batches is
reported in Table 1. For each class, images were selected independently;
however, since each image may contain multiple labels, all associated
defect labels were retained. This approach ensured that the natural
multi-label relationships and the overall distribution of the original
dataset were largely preserved.

To achieve the same input size as in pre-training, images were
resized to 224 x 224 during data preprocessing. Data augmentation
techniques such as horizontal flip and color jittering (+0.1) were ap-
plied to training images but not to validation or test images. Pixel
values were converted to floating-point values in the range [0, 1] and
subsequently normalized using the mean and standard deviation of the
Sewer-ML training split.

4.2. Experimental setup

The VISSL framework [56] was employed for self-supervised train-
ing, implemented in Python 2.20 and PyTorch 1.8.1. Experiments were
conducted using an NVIDIA Tesla V100S GPU. Default VISSL hyperpa-
rameters for SWAV were adopted, except for “e”, which controls the
smoothness of cluster assignments in the Sinkhorn-Knopp algorithm.
Lower ¢ yields sharper assignments, whereas higher values produce
smoother, more uniform distributions. Given the repetitive patterns in
sewer imagery, ¢ was reduced from 0.05 to 0.03 to prevent uniform
embeddings and improve feature discrimination. In addition, the batch
normalization layer was removed from the projection head to improve
convergence.

Fine-tuning was performed for 30 epochs using the SGD optimizer
with a learning rate of 0.01, momentum of 0.9, and a batch size of 128.
The network was trained with the weighted binary cross-entropy loss
described in Section 3.1.2, using the moderated class weights defined
in Eq. (6). A sigmoid activation was applied to each output node to
produce independent probabilities for the 17 defect classes. Predictions
were binarized with a probability threshold of 0.5, a commonly adopted



T. Yildizli et al.

Automation in Construction 182 (2026) 106751

8.01

7.51

7.04

6.5 1

SWAV Loss

6.0 1

5.51

5.01

—— Dataset size: 104,013 images
Dataset size: 208,026 images
—— Dataset size: 312,039 images

40 50 60 70 80

Epochs

Fig. 3. SWAV pre-training loss curve per epoch, with different amounts of unlabeled images.

value that minimizes missed detections in sewer inspection tasks. An
“ND” class was implicitly represented by images with no assigned
defect labels. For model evaluation, the full Sewer-ML validation split
comprising 130,046 images was used.

4.3. Evaluation metrics

For each class, true positives (TP), false positives (FP), false neg-
atives (FN), and true negatives (TN) are computed. Metrics are then
computed for each class using a one-versus-rest approach (precision, re-
call, and F1-score, from TP/FP/FN). Precision is the ratio of accurately
detected defects to all predicted positives, whereas recall is the per-
centage of actual defects that are successfully predicted by the model.
The Fl-score represents a harmonic mean of precision and recall.
The overall (“micro”) precision/recall/F1l-score is then presented by
aggregating TP, FP, and FN over all images. This aligns with the Sewer-
ML “overall score across all samples, regardless of class” and allows
for a fair comparison. In addition to these metrics, a recall-weighted
F2¢ny presented by Haurum and Moeslund [33], which measures the
economic impact of the defect class based on their CIW values (Class
Importance Weights), is employed for fair comparison. Furthermore,
the Flyomar Score is reported to evaluate model performance on non-
defective pipe frames, which are excluded from the F2.,, computation.
These evaluation metrics are explained in the supplementary material
(see Supplementary C).

5. Results and discussion

First, the impact of pretext-task dataset size is presented, followed
by the effect of pre-training duration. Second, performance is compared
against a fully supervised baseline. Third, results are benchmarked
against sewer-specific and general architectures reported by Haurum
and Moeslund [33]. To further investigate the results, an exploratory
analysis of the dataset was conducted to assess its limitations, with
a focus on mislabeling issues and label inconsistencies within the
Sewer-ML dataset.

5.1. SWAV model selection
ResNet101 with SwAV was trained with different dataset sizes,

starting with 104,013, 208,026, and up to a maximum of 312,039
images. For all three pre-trainings, the SWAV loss values representing

Table 2
Impact of dataset size in pre-training on downstream multi-label classification
task performance.

Dataset size for pre-training Precision Recall F1-Score
104,013 images 60.61 73.98 66.63
208,026 images 61.04 74.97 67.29
312,039 images 62.80 76.03 68.78

Note: All metrics represent overall values as percentages.

the learned features were plotted. The loss curves for these pre-trainings
are shown in Fig. 3. The SwAV loss value initially decreased rapidly
for each model, as basic image elements such as edges and corners
had already been captured by ImageNet weights. All training runs were
performed for up to 80 epochs, as the loss curve stabilized by this point.
A batch size of 64 was used for models trained on 104,013 and 208,026
images and increased to 128 for 312,039 images to better leverage the
larger dataset and available GPU resources and to obtain a more stable
optimization trajectory. In this setting, the loss decreased significantly
to below 5, reaching the lowest loss value among the evaluated models.
Nevertheless, further evaluation on the downstream task is required
to assess SWAV’s feature extraction capabilities across different dataset
scales.

The models pre-trained on different dataset sizes were subsequently
fine-tuned for the downstream multi-label classification task and eval-
uated on the Sewer-ML validation set. Table 2 lists the evaluation
metrics overall precision (OV-P), overall recall (OV-R), and overall
Fl-score (OV-F1) for the three models mentioned. Increasing the pre-
training dataset from 104,013 to 208,026 images led to a modest
OV-F1 improvement of 0.46 percentage points, whereas the subsequent
increase to 312,039 images yielded a larger gain of 1.49 percentage
points. These results support the conclusion that increasing the dataset
size enhances downstream performance. The bigger jump from 208,026
to 312,039 can also relate to a change in batch size (from 64 to 128),
which contributed to more stable optimization. Overall, the model
pre-trained on 312,039 images achieved the highest precision, recall,
and Fl-score, demonstrating the positive effect of larger pre-training
datasets on overall performance. This improvement suggests that in-
creasing the volume of unlabeled data enables the model to learn more
diverse and transferable representations.

In the next phase, the effect of pre-training duration on multi-label
classification performance was examined. For subsequent experiments,
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Table 3
Impact of pre-training duration on multi-label classification performance, using
312k images.
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Table 4
Comparison of Semi-Supervised (SSL) and Fully Supervised (FS) models across
dataset scales.

Pre-trained model Precision Recall F1-Score Dataset size Model Precision Recall F1-Score F2ow Flnormal
SwAV - 50 epochs 62.36 75.93 68.48 2210 images SSL 56.7 71.61  63.29 41.27  85.94
SWAV - 80 epochs 62.80 76.03 68.78 FS 60.21 63.21  61.67 28.62  82.93
SwAV - 100 epochs 63.36 76.01 69.11 4420 images SSL 56.75 7274 63.76 4420  85.87
SwAV - 150 epochs 63.19 76.38 69.16 FS 58.72 67.45  62.78 3867  84.58

SWAV - 200 epochs 63.87 76.35 69.55

8840 images SSL 59.74 74.10 66.15 48.01 86.83
Note: All metrics represent overall values as percentages. FS 60.90 69.13 64.76 43.71 85.22
17,680 images SSL 61.93 75.06 67.87 51.87 87.60
FS 61.61 71.59 66.23 48.06 86.22
the model pre-trained on 312k images was used to ensure that evalu- 35,360 images  SSL 63.87 76.35  69.55 54.83  87.99
FS 65.53 71.92 68.58 50.84 86.91

ations relied on the strongest representations. To identify the optimal
pre-training checkpoint for downstream performance, pre-training was
run for up to 200 epochs, with model weights saved every 50 epochs.
Training for 200 epochs required approximately 200 h on a single GPU,
indicating a significant but reasonable computational cost for acquiring
robust representations.

The saved checkpoints were fine-tuned and evaluated on the down-
stream task with the original validation set of Sewer-ML. As shown in
Table 3, the performance metrics gradually improve with more pre-
training epochs. While recall reaches its peak at 150 epochs (76.38%),
the F1-score, which balances precision and recall, continues to increase,
reaching its highest value (69.55%) at 200 epochs. This trend indicates
that longer pre-training allows the backbone to learn more stable and
discriminative visual representations from the unlabeled sewer images,
which transfer effectively to the supervised fine-tuning stage. Similar
findings have also been reported by Jia et al. [57], where longer
pre-training improved downstream task performance.

The gains from increasing pre-training epochs are modest and
smaller than those from enlarging the pre-training dataset (Table 2).
This suggests that data scale is the main factor influencing downstream
performance, while longer pre-training offers secondary but bene-
ficial improvements. In practical terms, with limited computational
resources, focusing on a larger unlabeled dataset is likely to yield a
greater return on investment than significantly increasing the number
of training epochs on a fixed dataset.

5.2. Multi-label sewer defect classification with self-supervised learning

Following self-supervised pre-training of the backbone, semi-
supervised performance for multi-label sewer defect classification is
evaluated. The analyses are organized into two sections. First, internal
performance is assessed by examining the effect of labeled fine-tuning
set size on downstream results and by comparing against an ImageNet-
initialized fully supervised baseline. This analysis emphasizes the label
efficiency and robustness of the proposed strategy across varying levels
of supervision. Second, performance is benchmarked against Sewer-ML
by comparing with prior studies and state-of-the-art methods [33].

5.2.1. Data scale impact on self-supervised vs. Fully supervised learning

A controlled scaling study was conducted by varying the amount of
labeled data for fine-tuning. Five dataset batches were considered (Sec-
tion 4.1.2), with total sizes of 2260, 4420, 8840, 17,680, and 35,360
images, respectively. The architecture and training protocol were kept
fixed across all experiments. Two initialization strategies were com-
pared: SWAV pre-training for semi-supervised learning (SSL) on domain
data and a fully supervised (FS) ImageNet-initialized baseline. Perfor-
mance was reported using precision, recall, F1-Score, recall-weighted
F2¢rw, and Flygma- This analysis shows the effect of the label volume
and enables a direct assessment of label efficiency and operating-point
differences between SSL and FS.

Table 4 shows that the SSL model outperforms the FS baseline and
achieves higher recall, F1-Score, and F2.yy values across all dataset
scales. The largest relative gains were observed under limited supervi-
sion, where the model fine-tuned on only 2210 labeled images achieved

Note: All metrics represent overall values as percentages.

an increase of +8.4 percentage points in recall and +12.7 percentage
points in F2qpy. This indicates that pre-training on unlabeled domain
data enables the model to learn more transferable and defect-sensitive
representations, reducing dependence on labeled data.

FS exhibits slightly higher precision, which means a more conser-
vative decision boundary. In contrast, SSL maintains a better overall
balance between precision and recall and consistently achieves higher
Flyormal Scores. As the amount of labeled data increases, the gap
in F2¢py between the two models narrows, as shown in Fig. 4, yet
SSL consistently outperforms FS in both F2.y and F1 across all data
scales. These findings confirm the label efficiency and generalization
advantages of SSL. For an extended evaluation of dataset scaling effects,
see Supplementary Section D.

While SSL requires additional pre-training and more computational
resources, its overall cost-effectiveness is visible with annotation effi-
ciency. Since the pre-training stage relies on unlabeled images, it is
free from manual annotation costs. As shown in Table 4, the proposed
SSL model trained on only 2210 labeled images achieves an F2¢py of
41.27%, outperforming FS trained on 4420 images (F2¢py of 38.67%)
and performing comparably to FS trained on 8840 images (F2qy
of 43.71%). This demonstrates that SSL substantially improves label
efficiency, achieving competitive or superior performance with up to
four times fewer annotations.

As reported in the ImageNet paper [17], labeling one image requires
approximately one minute; therefore, annotating the additional 2210
images would demand around 37 h of annotation effort. At an average
rate of €20 per hour for domain-specific labeling tasks, this amounts
to roughly €740. In comparison, one-time pre-training of the proposed
SSL model (200 h) would cost about €300, assuming an average GPU
rate of €1.5 per hour (e.g., Google Cloud). The resulting reduction in
labeled data directly translates to significant savings in human and
financial resources, outweighing the one-time computational cost of
pre-training.

5.2.2. Comparison against Sewer-ML benchmark

In this section, SSL and FS models are compared with existing
methods reported in the Sewer-ML paper [33]. This comparison aims
to evaluate the effectiveness of the proposed approach, fine-tuned on a
much smaller dataset, relative to both sewer-specific and general multi-
label architectures trained on the full Sewer-ML dataset of 1.04 million
images.

The Sewer-ML benchmark studies in Table 5 include four sewer-
specific models [30,31,58,59] and five general multi-label architec-
tures, such as ResNetl01l, KSSNet, and the TResNet family. These
models were trained from scratch on the full Sewer-ML training set
comprising 1.04 million images with a strong positive weighting strat-
egy to address severe class imbalance. In contrast, the proposed mod-
els were trained on a substantially smaller subset (35,360 images)
with moderated positive weighting to avoid overemphasizing minority
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Fig. 4. Dataset scale impact on (a) Overall F1 Score and (b) F2qy.

Table 5

Comparison of SSL with the supervised learning benchmarks.
Model Precision Recall F1-score | Flyormal
Sewer-specific
Xie et al. [31] 46.31 82.52 59.33 48.57 91.08
Chen et al. [58] 26.38 47.60 33.94 42.03 3.96
Hassan et al. [30] 7.44 44.86 12.76 13.14 0
Myrans et al. [59] 3.19 17.27 5.39 4.01 26.03
General Architectures [33]
ResNet-101 40.63 82.62 54.47 53.26 79.55
KSSNet 42.52 82.77 56.18 54.42 80.6
TResNet-M 41.22 83.88 55.27 53.83 81.23
TResNet-L 42.09 83.69 56.01 54.63 81.22
TResNet-XL 41.82 83.98 55.83 54.42 81.81
Our Work
ResNet-101-FS 65.53 71.92 68.58 50.84 86.91
ResNet-101-SSL 63.87 76.35 69.55 54.83 87.99

Note: All metrics represent overall values as percentages.

classes. All results reported in the table correspond to evaluations
conducted on the Sewer-ML validation set.

The precision of both proposed models is considerably higher than
those of the Sewer-ML baselines, indicating a reduced rate of false
positives despite training with fewer images. However, the large-scale
Sewer-ML models obtain higher recall due to their large-scale training
and stronger weighting. This distinction is particularly relevant for
interpreting the results, as stronger class weighting tends to boost recall
but may reduce precision. The proposed models exhibit a more bal-
anced precision-recall behavior, demonstrating better generalization
and robustness with limited labeled data, as demonstrated by higher
F1-score and Flyqrmal-

As summarized in Table 5, both SSL and FS models outperform pre-
vious sewer-specific methods and are competitive with the general ar-
chitectures. SSL-based ResNet-101 achieves the highest overall F1-score
(69.55%) and the highest F2q (54.83%), substantially outperforms
the fully supervised ResNet-101 in the Sewer-ML benchmark (53.26%
in F2¢py). Furthermore, it slightly surpasses the best-performing gen-
eral architecture, TResNet-L (54.63% in F2). These results show that
domain-specific self-supervised pre-training is an efficient approach for
downstream defect classification. It significantly enhances performance
and achieves comparable results to models trained on extensive, fully
labeled datasets.

Leveraging pre-trained weights, even with limited labeled data, can
outperform models trained from scratch. This suggests that effective
representation learning is more impactful than data volume alone.
Although ImageNet initialization yields performance enhancements de-
spite being out-of-domain, self-supervised approach, pre-trained on
in-domain unlabeled images, provides further advancements beyond

fully supervised learning. These findings highlight the efficacy of SSL
in domain-specific representation learning. Scaling up the pre-training
dataset can further improve performance over supervised baselines,
as more diverse unlabeled data can lead to stronger representations.
Thereby, it serves as a strong alternative to fully supervised tech-
niques, especially in fields where high-quality labels are scarce or
costly to obtain. For completeness, Supplementary Section E reports a
detailed class-wise evaluation and representative prediction examples
that qualitatively illustrate these results.

5.3. Labeling errors in Sewer-ML dataset

The 2D projections, shown in Fig. 5, reveal the distribution of im-
ages across classes. This analysis allowed to assess intra-class coherence
and identify outliers, many of which indicate possible labeling errors
or underlying dataset biases. From these projections, six representative
samples were selected for qualitative inspection, as shown in Table
6. These examples were chosen because they were spatially isolated
from other samples in their assigned class and instead positioned closer
to clusters of different defect types. Visual inspection confirmed that
several of these outliers exhibit inconsistencies with their assigned
labels.

Specifically, IDs ID1, ID2, and ID3 are labeled as ND but appear
outside the ND clusters in Fig. 5. Visual inspection confirms that each
image exhibits a visible defect, corresponding to “PB”, “OP”, and “RB”,
respectively. Their location in feature space aligns with typical clusters
for these classes. Similarly, examples ID4, ID5, and ID6 are labeled
as defect-present frames, yet visual inspection reveals no observable
defects. These images appear as outliers within the clusters of their
assigned defect classes and are instead aligned with the rightmost ND
cluster. External factors such as continuous labeling or variations in
camera settings can influence their misclassification; ID6 is an example
of this.

The demonstrated label inconsistencies within the Sewer-ML dataset
may compromise the models’ overall capability and robustness [14].
Therefore, relying on a smaller, carefully curated set of labeled data
combined with pre-trained weights may help mitigate this risk. This
observation highlights the importance of data quality over quantity.
Nevertheless, further investigation of the entire dataset is necessary
to improve the quality of the dataset by eliminating or relabeling the
mislabeled images.

6. Limitations
Despite the promising results, several limitations of this paper

should be acknowledged. First, the existence of labeling errors in the
Sewer-ML dataset, resulting from inaccurate human annotations and
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GR

Fig. 5. Visualization of t-SNE clusters of data features of 4k selected images from Sewer-ML for each class. Red boxes with IDs denote the outlier examples within
the class that are explained in Table 6.

Note: AF: Settled Deposits, BE: Attached Deposits, DE: Deformation, FO: Obstacle, FS: Displaced Joint, GR: Branch Pipe, IN: Infiltration, IS: Intruding Sealing
Material, ND: Non-Defect, OB: Surface Damage, OK: Connection with Construction Changes, OP: Connection with Transition Profile, OS: Lateral Reinstatement
Cuts, PB: Drilled Connection, PF: Production Error, PH: Chiselled Connection, RB: Cracks, Breaks, and Collapses, RO: Roots.

Table 6
Details of mislabeling cases and related conditions.
ID Image file Photo Sewer-ML label True label
ID1 00477562.png No defect (ND) Drilled connection (PB)
ID2 00941265.png No defect (ND) Connection with
transition profile (OP)
ID3 00058381.png No defect (ND) Crack (RB)
D4 00548172.png Connection with No defect (ND)
transition profile (OP)
ID5 01265565.png Drilled connection (PB), No defect (ND)
Obstacle (FO)
ID6 00554337.png Settled Deposit (AF) No defect (ND)
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the automatic aggregation of multi-label entries, may have affected
the model’s learning and assessment results. Although self-supervised
learning can mitigate vulnerability to label noise, increased efforts
to improve label quality in datasets remain essential. Second, the
Sewer-ML dataset demonstrates significant class imbalance, with some
defect classes being underrepresented. While class weighting mitigates
this problem to some extent, achieving a balanced trade-off between
recall and precision is crucial for reliable performance on such highly
imbalanced datasets. Third, this paper relies solely on SWAV as the
self-supervised learning strategy; however, alternative SSL approaches
(e.g., MoCo [49], DINO [60], SimCLR [41]) and more advanced archi-
tectures such as Vision Transformers [61] could be explored to assess
whether they yield superior representations for this domain.

Moreover, self-supervised pre-training was conducted using a lim-
ited number of unlabeled images due to computational resource con-
straints. Future research may expand pre-training data to better high-
light the different characteristics of the various sewer environments. Ex-
panding the dataset improves the model but also increases the demand
for storage, computational capacity, and training duration, which may
limit practical feasibility. Furthermore, evaluating the transferability of
the SSL pre-trained backbone across different sewer inspection datasets
represents an important direction for future work, as such cross-dataset
analyses would provide deeper insight into the generalizability and
robustness of the learned representations.

7. Conclusion

This paper explored the use of self-supervised learning for multi-
label sewer defect classification. A semi-supervised framework is pro-
posed that combines domain-specific pre-training on unlabeled CCTV
footage with supervised fine-tuning on a limited labeled subset. This
approach aims to reduce dependence on extensive manual annotation
while maintaining competitive performance across 17 sewer defect
classes. The main findings are summarized as follows:

» Representation learning over data volume: Compared to mod-
els trained from scratch, models that use pre-trained weights —
whether from ImageNet or self-supervised learning — show better
overall performance, even when fine-tuned with limited labeled
data.

Efficiency of SWAV pre-trained weights: Compared to a fully
supervised model, the proposed approach demonstrates that
domain-specific representations offer a valid alternative for sewer
defect classification. This highlights SwWAV’s ability to extract
meaningful representations from unlabeled data in the pre-
training stage.

Less dependence on extensive labeled data: Layered data
scarcity in sewer CCTV inspections (acquisition, sharing, and la-
bels) necessitates label-efficient pipelines. The proposed two-stage
approach addresses this constraint while maintaining competitive
classification performance with only 35,360 labeled images.

More unlabeled data and longer pre-training improve self-
supervision: The findings indicate that both increased data di-
versity and longer pre-training lead to more effective and transfer-
able self-supervised representations. This property of SSL is par-
ticularly valuable for developing scalable models that generalize
well across tasks while requiring less labeled data.

Mislabeling as a challenge for label-dependent models: The
analysis reveals the presence of mislabeled samples in the Sewer-
ML dataset, which may limit the effectiveness of models that
rely heavily on accurate annotations. This finding underscores
the importance of prioritizing data quality over quantity. By
leveraging self-supervised learning, resources can be redirected
towards carefully curating a smaller, high-quality labeled subset.
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In terms of economic benefits, the proposed approach substantially
reduces annotation effort and cost. By fine-tuning on 35,360 labeled
images rather than the original 1.04 million training set of Sewer-
ML, the labeling effort is reduced by approximately 30x(96.6% fewer
labels). Since annotation time and cost scale almost linearly with the
number of labeled images, this results in commensurate reductions
in annotator time and associated costs. In the experiments, this la-
bel reduction is achieved through SSL while delivering competitive
downstream performance relative to fully supervised baselines. Based
on the findings, self-supervised pre-training is a promising technique
for a cost-effective alternative to fully supervised learning in sewer
inspection.

The results motivate three future research directions: (1) Developing
strategies to address label noise and severe class imbalance through
noise-aware training, (2) Exploring alternative self-supervised architec-
tures to improve representation transfer, and (3) Assessing cross-dataset
transferability across diverse sewer environments. From an operational
perspective, given limited inspector capacity and continuously expand-
ing sewer networks, the SSL framework enables the use of archived
inspection videos with minimal additional labeling. A practical next
step is to deploy the Sewer-ML pre-trained backbone as a generic
feature extractor and fine-tune it on a small local dataset to adapt the
model to new utilities, camera systems, or sewer environments. This
can accelerate inspection workflows and ensure greater consistency in
defect reporting. Consequently, the SSL model is not only cost-effective
but also capable of addressing real-world operational requirements in
sewer asset management.
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