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Abstract— Routine visual inspections of concrete structures
are imperative for upholding the safety and integrity of critical
infrastructure. Such visual inspections sometimes happen under
low-light conditions, e.g., checking for bridge health. Crack
segmentation under such conditions is challenging due to
the poor contrast between cracks and their surroundings.
However, most deep learning methods are designed for well-
illuminated crack images and hence their performance drops
dramatically in low-light scenes. In addition, conventional
approaches require many annotated low-light crack images
which is time-consuming. In this paper, we address these
challenges by proposing CrackNex, a framework that utilizes
reflectance information based on Retinex Theory to learn a
unified illumination-invariant representation. Furthermore, we
utilize few-shot segmentation to solve the inefficient training
data problem. In CrackNex, both a support prototype and a
reflectance prototype are extracted from the support set. Then,
a prototype fusion module is designed to integrate the fea-
tures from both prototypes. CrackNex outperforms the SOTA
methods on multiple datasets. Additionally, we present the first
benchmark dataset, LCSD, for low-light crack segmentation.
LCSD consists of 102 well-illuminated crack images and 41
low-light crack images. The dataset and code are available at
https://github.com/zy1296/CrackNex.

I. INTRODUCTION

Cracks are common defects on pavement and in concrete
structures. Overloading, structural changes, and environmen-
tal hazards may accelerate these deteriorations, causing a
significant safety risk [1]. Therefore, regular inspection of
roads and bridges to identify damage and repair defects is
essential to maintain building and traffic safety. In recent
years, a variety of deep-learning algorithms [2]–[10] have
been proposed.

However, these algorithms exhibited limited effectiveness
in real-world scenarios due to variations in lighting con-
ditions, the presence of shadows, and other factors [11]–
[13]. In real-life scenarios, there exist numerous instances
of low-light conditions where distinguishing cracks becomes
challenging. For example, cracks on the underside of bridge
piers, in tunnel walls, and in historical buildings are in
remote or hard-to-reach areas that have limited natural light.
Engineers often rely on artificial lighting, which may not
provide optimal visibility and may cause information loss.
Thus, computer vision-based low-light crack segmentation
is necessary for safety inspections.
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Fig. 1: System overview for UAV inspections

Low-light crack segmentation is challenging because most
deep-learning methods were trained on normal-light crack
images captured under well-lit conditions [14]–[16]. In un-
favorable low-light conditions, the segmentation performance
drops significantly, suffering from both low image contrast
and ambiguity of object boundaries. Therefore, we introduce
the Retinex Theory [17] to address this challenge. It, rooted
in human color perception, posits that the observed color
image can be decomposed into reflectance and illumination.
Reflectance represents the intrinsic attributes of captured
objects, which remain consistent under different light con-
ditions. Illumination describes the luminance values present
on objects. By using a pre-trained Decompose Network [18],
we can estimate the reflectance features and help the model
learn a unified and illumination-invariant representation.

Additionally, deep learning is essentially data-driven
while collecting such low-light crack images and making
high-quality annotations at pixel level are not only time-
consuming but also prone to human errors. To tackle this
challenge (scarcity of annotated low-light data), we utilize
the few-shot segmentation method. The increasingly popular
few-shot learning is a promising direction to address the
limitation of insufficient data by training models to gen-
eralize to new classes with a small number of examples
(or shots) [19]. This is particularly valuable in situations
where acquiring abundant data is difficult. Unlike common
deep-learning approaches, few-shot segmentation has better
generalization ability which makes it more adaptable to new
or unseen classes [20]–[25]. In few-shot crack segmentation,
our goal is to train a model using a sufficient number of
normal-light crack images and during inferring, this trained
model can be used to segment low-light cracks given a few
labeled low-light crack images, as illustrated in Figure 1.
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In this work, we propose a reflectance-guided few-shot
low-light crack segmentation network, CrackNex. It lever-
ages reflectance to enhance the learning of contrast and
recover lost details in low-light images. In addition to extract-
ing the support prototype from the support set, we generate
a complementary reflectance prototype from the reflectance
features. The prototype fusion module (PFM) is proposed to
integrate the support prototype with the reflectance prototype
and it is capable of uncovering the inner connection between
two prototypes with attention weights learned through the co-
attention mechanism. Moreover, an Atrous Spatial Pyramid
Pooling (ASPP) module [26] is applied to improve the
features extracted by the CNN backbone in a multi-scale
manner.

In summary, our contributions to this paper include:
• To the best of our knowledge, we propose the first few-

shot method for low-light crack segmentation.
• We introduce reflectance information from Retinex The-

ory and propose a novel reflectance-guided network,
CrackNex. Our work highlights a new direction for low-
light segmentation. Reflectance indicates the intrinsic
properties of different objects and can help distinguish
cracks from other non-crack regions.

• We conduct experiments to evaluate our CrackNex
model on two crack segmentation datasets and demon-
strate its effectiveness using standard segmentation met-
rics. Compared to several SOTA models, our CrackNex
achieves the SOTA performance on these 2 datasets.

• We present a new crack segmentation dataset, LCSD,
with both well-illuminated and low-light crack images
for the benefit of the research community.

II. RELATED WORKS

A. Few-Shot Learning

Few-shot learning, the task of training models to recognize
and generalize from a limited number of examples, has
garnered significant attention in recent years due to its ap-
plicability in various domains. Existing methods are mainly
meta-learning and metric learning.

Several meta-learning approaches [27]–[31] have been
proposed to learn transferable knowledge from diverse learn-
ing tasks, leading to substantial advancements in the field.
Elsken [32] combined meta-learning with gradient-based
Neural Architecture Search (NAS) [33] methods and de-
signed a meta-learning framework capable of customizing
the meta-architecture to task-specific architectures. Baik [34]
proposed a novel framework to learn a task-adaptive loss
function through two meta-learners, employing two distinct
meta-learners: one responsible for learning the loss function
and another for learning parameters for the loss function.

Metric learning [35] leverages distance measurement to
optimize the distance or similarity between the images and
regions. Fan [36] proposed a novel self-support network by
leveraging self-support matching to solve the appearance
discrepancy problem. Okazawa [37] proposed a novel few-
shot segmentation approach that effectively enhanced the

distinction between the target class and closely resembling
classes, yielding improved separation performance. Our work
is inspired by the metric-based approach to generate better
prototypes utilizing reflectance information.

B. Crack Segmentation

Semantic segmentation, a pixel-level image classification
task, is essential for understanding and interpreting visual
data. The deep-learning method [2], [3], [11], [12], [38]–
[40] has shown promising results in the crack segmentation
task.

Early works rely on conventional semantic segmentation
models. Liu [41] applied U-Net for pavement crack segmen-
tation and proposed an unmanned aerial system for UAV in-
spections [42]–[45]. Liu [5] extended the U-Net architecture
by incorporating additional convolutional layers to develop
a pavement crack segmentation method. Sarmiento [46]
used another successful segmentation model, DeepLabv3, to
segment pavement cracks.

Recently, Transformers and attention mechanisms have
also been widely used for crack segmentation. Wang [11]
designed a segmentation model that utilizes a hierarchical
Transformer as the encoder and integrates a top-down struc-
ture. Xiang [47] introduced a dual encoder–decoder model
by using both transformers and CNNs to achieve precise
segmentation of crack images.

III. OUR PROPOSED LOW-LIGHT CRACK SEGMENTATION
MODEL

A. Problem Formulation

Assessing structural integrity and identifying potential
damages of infrastructure such as bridges or old buildings
is a critically important task for repairs that can be carried
out in-time to ensure the safety of human lives. However,
sometimes, limited budgets or lack of workers may prevent
such task from being carried out as frequently as one
wishes. With the recent emergence of affordable drones, such
inspections can be conducted effectively without much cost.
In Fig.1, we show an example of how Unmanned Aerial
Vehicles (UAV) can be used to inspect the lateral side and
underside of bridges.

B. Background

Few-shot segmentation aims to generate pixel-level seg-
mentation predictions of novel classes when only a limited
number of annotated labels are available. The setup is defined
in an N-ways-K-shot format, where N represents the number
of classes, and K indicates the number of support images
needed for a query image. Our crack segmentation task
involves learning to predict 1-way-1-shot and 1-way-5-shot
segmentations. In the 1-shot setting, the model uses one
single support image as a reference, and in the 5-shot setting,
it utilizes 5 support images to generate predictions. The
foreground refers to cracks, while the background is non-
crack regions.

We use SSP [36] as our baseline few-shot segmenta-
tion model. Fan et al. proposed this self-support matching
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Fig. 2: Illustration of CrackNex: We generate reflectance features on query image and support images respectively by using
Decompose Net. Afterwards, we generate the support and reflectance prototypes and update both prototypes by using the
Prototype Fusion Module. Meanwhile, reflectance query features are utilized as low-level features in the Atrous Spatial
Pyramid Pooling (ASPP) module to preserve details. Finally, we further update the support prototype in the Self-Support
Prototype (SSP) module to perform matching with query features and calculate the loss.

framework, which utilized query features to generate self-
support prototypes. It addresses the intra-class appearance
discrepancy problem in few-shot segmentation by effectively
reducing the gap between support prototypes and query
features. Such capability is useful for our work.

The training set contains well-illuminated crack images
and we represent the normal-light crack as base class Ctrain.
Then, we evaluate the trained model using low-light crack
images (novel class Ctest). Following a previous work [48],
an episode-based sampling strategy is employed during both
training and evaluating. Specifically, every sampled episode
ei = {Si,Qi} of each class C consists of the support set and
the query set. The support set Si = {(Ik

s ,Mk
s ),k∈{1, . . . ,K}}i

consists of a collection of support images, where Ik
s ,Mk

s are
the kth support image and its masks, and the query set Qi =
{(Iq,Mq)}i refers to a collection of images for which the
model needs to perform segmentation, where Iq is the query
image and its ground truth mask Mq.

C. Architecture Overview of CrackNex

Our model consists of a Decompose Net, a Prototype
Fusion module (PFM), an ASPP module [26], and an SSP
module as illustrated in Fig. 2. Our unique contribution
includes utilizing reflectance information to improve seg-
mentation performance and designing the PFM module to
fuse extracted support features and reflectance features. The
Prototype Fusion Module is described in Section III-D and

the ASPP module is described in Section III-E.
We first use a Decompose Net from RetinexNet [18]

pre-trained on the LOL dataset [18] to generate reflectance
images on both support and query images. The Decompose
Net is responsible for separating an input image into a
reflectance image and an illumination image. The reflectance
features can be further used to highlight object boundaries
and capture details, e.g., color, texture, and surface character-
istics, leading to more accurate edge and robust segmentation
predictions.

We then apply two CNN backbones pre-trained with
ImageNet [49] to extract feature maps Fq ∈RH/8×W/8×C and
Fr ∈RH/8×W/8×C for the query image and query reflectance
image, respectively. The image features are integrated with
the reflectance features through the ASPP module at multiple
scales. The output of the ASPP module is updated query
features F′

q ∈ RH/4×W/4×C.
Another two backbones are also applied to generate fea-

tures on support images and support reflectance images.
Note that the two backbones shared weights with the former
backbones in pairs. Afterwards, extracted support features
Fs,s ∈ RH/8×W/8×C and support reflectance features Fs,r ∈
RH/8×W/8×C, along with ground truth mask Ms, are fed
into the masked average pooling layer to generate the
support prototype P ∈ R1×1×C and reflectance prototype
Pr ∈R1×1×C, respectively. By using the proposed Prototype
Fusion Module, support prototype P is integrated with the
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reflectance prototype Pr through the co-attention mechanism.
Updated support prototype P′ ∈ R1×1×C is then fed into

the SSP module with updated query features F′
q. The output

is augmented prototype P′′ ∈ R1×1×C.
Finally, following the SSP setting, we compute the cosine

distance and estimate a similarity map between the aug-
mented prototype P′′ and query features F′

q to generate the
final predictions ŷ ∈ RH×W×1:

ŷ = softmax(cosine(P′′,F′
q)) (1)

D. Prototype Fusion Module

A Prototype Fusion Module (PFM) is introduced to in-
teractively fuse the support prototype P and reflectance
prototype Pr. This fusion is achieved through the co-attention
mechanism. Specifically, it learns attention weights from
both prototypes and integrates the weights into the proto-
type pair. By using our proposed Prototype Fusion Module,
we effectively fuse the features extracted from different
representations that carry complementary information. Such
fusion results in better enhanced images in terms of improved
image quality and visual perception.

Given the prototype P and the reflectance prototype Pr, the
concatenated features of P and Pr are fed to a convolutional
layer. Next, we apply normalization on the features and use
two fully connected layers to learn the attention weights as
follows:

W = sigmoid( f2(σ( f1(X)))) (2)

where X ∈ R1×1×2C represents the concatenated prototype
features after normalization, f represents fully connected
layers and σ represents the activation function.

Then, we update the support and reflectance prototypes
using the following equations:

P′ = (1+αW⊗P) (3)

P′
r = (1+αW⊗Pr) (4)

where α is a learnable parameter and ⊗ represents the
Hadamard product.

E. ASPP Module

We apply the Atrous Spatial Pyramid Pooling (ASPP)
module based on the work of DeepLabV3 [26]. The ASPP
module has atrous convolutions at multiple dilation rates and
therefore, captures contextual information at various scales,
addressing both local and global contexts. By incorporating
multi-scale features, the ASPP module helps the network
distinguish between objects of varying sizes and complex
scenes with diverse textures.

In our work, the ASPP module is employed to capture
multi-scale information from high-level query features Fq.
The resulting feature map is then upsampled and concate-
nated with the reflectance features Fr (referred as low-level
features). The reflectance features help in preserving edge
details, which is essential for accurately separating cracks
and backgrounds. Finally, the concatenated features F′

q are
fed to the SSP module as the second input to update the

support prototype F′
r. It is also used in generating the final

matching predictions.

F. Loss

We train our model for the final prediction under supervi-
sion:

Lseg = BCE(ŷ,Mq) (5)

where BCE is the binary cross-entropy loss, ŷ is the final
segmentation prediction and Mq is the ground truth label
of the query image. Lseg ensures that the predictions are
consistent with the ground truth label.

To further facilitate the SSP matching procedure, we apply
the self-support loss mentioned in SSP [36] to measure the
support and reflectance prototypes:

Ls = BCE(cosine(P′,Fs,s),Ms)

+BCE(cosine(P′
r,Fs,r),Ms) (6)

We apply the same procedure to the query features to
introduce the query self-support loss Lq:

Lq = BCE(cosine(MAP(F′
q),F

′
q),Mq) (7)

where MAP is the Masked Average Pooling layer used to
generate a prototype on query features.

Finally, we train our model by optimizing all aforemen-
tioned losses jointly:

L = Lseg +λ1Ls +λ2Lq (8)

where λ1 = 1.0, λ2 = 0,2 are the loss weights.

IV. EXPERIMENTS

In this section, we describe the experiments we conduct to
compare CrackNex and SOTA few-shot segmentation models
using two datasets, namely (a) ll CrackSeg9k and (b) LCSD
datasets. Our results show that our model design achieves
better performance than state-of-the-art models. We also
provide a detailed analysis of our design features via several
ablation studies.

A. Datasets

1) ll CrackSeg9k: The CrackSeg9k dataset [50] is a
popular crack-related dataset that researchers used. We select
9000 crack images from CrackSeg9k as our training set and
another 1500 crack images as our test set. Since 1500 images
in the test set are considered normal light images, we use
Restormer [51] pre-trained on LDIS [52] dataset to convert
them into synthetic low-light images

2) LCSD: To evaluate our method under real-world
lowlight conditions, we additionally collect our own crack
dataset, LCSD, with 102 well-illuminated crack images as
the training set and 41 low-light crack images as the test set
within the Lehigh University campus. All images are taken
by iPad Pro 1st generation and are resized to 400×400 for
efficiency. We further annotate each crack image pixel-wise
and generate a binary label.
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TABLE I: Baseline comparisons on the ll CrackSeg9k and
LCSD dataset in terms of mIOU↑

Method Backbone CrackSeg9k LCSD
1-shot 5-shot 1-shot 5-shot

VAT [53]

ResNet50

54.32 57.45 54.28 56.53
MLC [54] 56.54 58.72 55.48 57.41
SSP [36] 60.42 64.25 56.41 63.30

CrackNex (Ours) 63.00 69.66 63.85 65.17
VAT [53]

ResNet101

59.83 61.27 55.25 59.24
MLC [54] 56.73 62.99 57.18 58.11
SSP [36] 56.45 65.29 56.61 63.16

CrackNex (Ours) 65.90 70.59 66.10 68.82

B. Implementation Details

For the backbone CNN, We adopt the ResNet50 and
ResNet101 [55] pre-trained on ImageNet-1K dataset [49].
We train the entire framework using SGD optimizer [56]
with the 0.9 momentum. The initial learning rate is 10e-3 and
decayed by 10 times every 2,000 iterations. Our network is
trained on one single NVIDIA TITAN RTX GPU for 6000
iterations with a batch size of 4. Both images and masks
are augmented with random horizontal flipping while the
evaluation is performed on the original image.

For comparison with our proposed scheme, we addition-
ally evaluate the performance of several SOTA methods on
the LCSD dataset.

C. Quantitative Results

In terms of the evaluation metrics, we use the popu-
lar mean Intersection-over-Union (mIOU↑) to evaluate our
model under 1-shot and 5-shot settings. We evaluate perfor-
mance on both ll CrackSeg9k and LCSD benchmarks. The
main results are presented in the Table. I where we compare
the performance of CrackNex with other state-of-the-art
methods using the ll CrackSeg9k and LCSD datasets. We test
SOTA methods (VAT [53], MLC [54] and SSP [36]) using
their default settings. From the table, we see that CrackNex
achieves an mIOU of 63.00 and 69.66 respectively under
1-shot and 5-shot settings using the ResNet50 backbone
and 65.90 and 70.59 using the ResNet101 backbone [55].
It outperforms SOTA methods on the ll CrackSeg9k dataset.

We additionally compare the performance of CrackNex
with other state-of-the-art methods on the LCSD dataset.
From the table, we found that CrackNex achieves an mIOU
of 63.85 and 65.17 respectively under 1-shot and 5-shot
settings using the ResNet50 backbone and 66.10 and 68.82
using the ResNet101 backbone [55]. It outperforms other
SOTA models by a large margin.

D. Qualitative Results

To better analyze our proposed model, we visualize several
segmentation results from the LCSD dataset, as shown in Fig.
3. We compare the qualitative results of our method with two
SOTA models, SSP [36] and MLC [54] using their default
settings. We can see that CrackNex generates more accurate
boundaries and more discriminative cracks compared with

Q
ue

ry
Im

ag
e

G
ro

un
d

Tr
ut

h
O

ur
s

M
L

C
[5

4]
SS

P
[3

6]
Fig. 3: Qualitative results on LCSD dataset. Zoom in for de-
tails. Images have been brightened to improve their visibility.

TABLE II: CrackNex compared with data-driven crack seg-
mentation models on the ll CrackSeg9k dataset

Method mIOU↑
DDRNet [57] 69.23

DeepLabV3 [26] 71.16
STDCSeg [58] 70.98

HrSegNet-B16 [59] 71.32
HrSegNet-B32 [59] 72.45
CrackNex (Ours) 70.59

existing SOTA approaches, which demonstrates the effec-
tiveness of CrackNex.

To further evaluate the UAV inspection system in real-
world scenarios, we use a drone to conduct the inspections
of a nearby bridge built in 1924. As shown in Fig. 4,
the segmentation results are accurate and demonstrate the
effectiveness of our method.

E. Compared with data-driven crack segmentation models

We additionally compare our model with several SOTA
data-driven crack semantic segmentation models on the
ll CrackSeg9k dataset. The main results are presented in the
Table. II. We test SOTA methods (DDRNet [57], DeepLabV3
[26], STDCSeg [58] and HrSegNet [59]) using their default
settings. From the table, we see that CrackNex achieves
mIOU of 70.59 under 5-shot settings and achieves compa-
rable results compared with these data-driven crack segmen-
tation models. Note that these data-driven methods require
a large amount of labeled low-light crack images to achieve
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Fig. 4: Qualitative results on UAV-based real-site low-light bridge cracks. Images have been brightened to improve their
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TABLE III: Ablation study of adding different components on LCSD dataset

Reflectance PFM ASPP mIOU↑
features Module module 1-shot 5-shot

56.61 63.16
✓ 63.33 65.79
✓ ✓ 65.06 67.37
✓ ✓ ✓ 66.10 68.82

optimal performance, whereas our model doesn’t need to be
trained on low-light crack images.

F. Ablation Study

We further perform ablation studies on the LCSD dataset
using the ResNet101 backbone [55] to investigate the con-
tribution of key technical components in our method.

Specifically, we evaluate four variants of CrackNex: (i)
baseline architecture, (ii) adding reflectance features, (iii)
utilization of Prototype Fusion Module (PFM), and (iv)
employment of all the designed components. The results of
the ablation study are summarized in Table III.

The second row of Table III investigates the effectiveness
of reflectance features in CrackNex. We directly concatenate
support features and support reflectance features and feed
the concatenated features to generate one single support
prototype. Our results demonstrate that incorporating the
reflectance features can significantly enhance performance.

We further test a variant “w/ PFM” where we utilize
the PFM module to generate dual prototypes. Instead of
early concatenating support features and support reflectance
features, we use a co-attention mechanism to interactively
update the support prototype. The results are reported in row
3. Experimental results show that PFM helps in generating
better prototypes.

As for the ASPP module, our experimental results (com-
pared row 3 with 4) demonstrate that adding the ASPP

module provides further feature extraction capabilities and
yields better performance.

V. CONCLUSION

In this paper, we propose a novel reflectance-guided few-
shot low-light crack segmentation framework, CrackNex. We
utilize few-shot segmentation to solve the problem of having
to annotate many training images. In addition, we introduce
reflectance information to improve segmentation predictions
during low-light environments. We validate our framework
on two low-light crack datasets, ll CrackSeg9k and LCSD,
and demonstrate significant improvements in the mIOU
metric. Our results highlight the importance of incorporating
reflectance features to capture details and enhance object
boundaries. Additionally, we release a new crack dataset
with both well-illuminated and low-light crack images for
the benefit of the research community.
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