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Abstract: In the era of massive construction, damaged and aging infrastructure are becoming more common. 

Defects, such as cracking, spalling, etc., are main types of structural damage that widely occur. Hence, ensuring 

the safe operation existing infrastructure through health monitoring has emerged as an important challenge 

facing structural engineers. In recent years, intelligent approaches, such as data driven machine and deep 

learning crack detection, gradually dominate over traditional methods. Among them, the semantic 

segmentation using deep learning models is a process of characterization of accurate location and portrait of 

cracks using pixel level classification. Most available studies rely on single model knowledge to perform this 

task. However, it is well-known that the single model might suffer from low variance and low ability to 

generalize in case of data alteration. By leveraging the ensemble deep learning philosophy, a novel corporative 

semantic segmentation of concrete cracks method called Co-CrackSegment is proposed. Firstly, five models, 

namely the U-net, SegNet, DeepCrack19, DeepLabV3-ResNet50, and DeepLabV3-ResNet101 are trained to 

serve as core models for the ensemble model Co-CrackSegment. To build the ensemble model Co-

CrackSegment, a new iterative approach based on the best evaluation metrics, namely the dice score, IoU, pixel 

accuracy, precision, and recall metrics is developed. Results show that the Co-CrackSegment exhibits a 

prominent performance compared to core models and weighted average ensemble by means of the considered 

best statistical metrics. 

Keywords: semantic segmentation; crack identification; ensemble learning; deep learning;  

Co-CrackSegment 

MSC: 68U10 

 

1. Introduction 

Structural health monitoring (SHM) and damage identification play a crucial role in ensuring 

the safe operation and structural integrity of in-service infrastructure by the promptly diagnosis of 

structural condition [1,2]. SHM adheres to guarantee the continuous service of structures bearing 

internal and external loads and hazardous conditions [3,4]. These unwanted conditions can 

deteriorate structural elements and gradually lead to structural defects. Therefore, SHM serves as an 

essential management and maintenance framework for ensuring reliable infrastructure performance 

all over the expected their lifespan when subject to catastrophic events. Even if regular manual 
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inspections might deliver good information about structural conditions, they are often time-

consuming, rely on human evaluations, and are susceptible to human errors [5,6]. In consequence, 

the utilization of intelligent soft computing approaches has emerged as more reliable and convenient 

ways against the traditional methods. Among them, the convolutional neural networks (CNNs) are 

being implemented for the data-driven defect identification either by using 1D data as time-domain 

responses, or using 2D data as originally captured images or time-frequence plots. For instance, 

image datasets gathered from a structure’s surface can be adapted to develop CNNs for image-based 

defect identification. A well-designed CNN can provide an effective tool for crack identification, 

oiling the wheels of early damage detection and eliminating the risks of catastrophic events. This 

image-based CNN tools delivers smooth monitoring by taking advantage of machine intelligence to 

verifiably deduce features from training instances in a ductile manner more efficient than manual 

condition assessments [7,8].  

Most common supervised image-based crack identification using CNNs can be categorized into 

three main categories: (i) CNN-based classification methods directly try to recognize whether an 

image taken from structure surface contains cracks by means of binary crack classification, or more 

complexly multi-class crack classification [9,10]. The total image is given a classification label and the 

CNN learns to classify the images according to their labels. After training, the CNN classifier can be 

deployed for real-time crack identification without computationally expensive pixel level tackling. 

Nevertheless, such category of methods fails to characterize and localize cracks in most scenarios 

without proper additional image processing techniques [11,12]; (ii) Region-based methods are types 

of CNN-based tools that work on partial regions of the image and consider the cracks as objects needs 

to be detected. Methods such as sliding windows and You-Only-Look-Once (YOLO) [13] are common 

object detection tools that can be used to localize cracks by means of boundary boxes rather than 

tackling the full-scale images or pixel-level features. These tools require the use of manually 

annotated ground truth bounding boxes that deliver supervision for the CNN or basic references for 

optimizing object possibilities. The output after training is given as the boundary boxes that identify 

the cracks from the backgrounds with confidence probabilities. Although the object detection tools 

are faster to train and deploy, they suffer from drawbacks such as the misidentification of crack 

boundaries and background voids [14–16]; (iii) Semantic segmentation based on CNNs are modern 

pixel-level tools adhere to precisely characterize cracks pixels and isolate them from the background 

pixels. Semantic segmentation uses two main procedures, namely the down-sampling and up-

sampling. The former reduces the spatial dimensions of feature maps and increases the number of 

filters/ channels, while the later increases the spatial dimensions of feature maps and reduces the 

number of filters/channels. In this case, the CNN assigns a probability of each pixel in the image 

according to its label, i.e. crack or non-crack, enabling to generate binary-class attribute maps. The 

main advantages of semantic segmentation are the ability to characterize crack morphology and give 

more visual information about crack size and orientation. However, they require the manual 

preparation of ground truth images to train the CNN and can be computationally expensive in both 

training and testing. Given the advantages of the state-of-the-art sematic segmentation of concrete 

cracks, this paper aims to provide effective CNN-based semantic segmentation methods able to 

overcome the current challenges in this field [15,17–19].  

In recent years, CNN models such as Unet, SegNet, DeepLab, etc. have been successfully used 

for crack semantic segmentation. Although the single CNN model-based semantic segmentation has 

achieved major milestones in pixel-level crack identification, ensemble learning philosophy deliver 

renowned advantages by exploiting collective knowledge and diversity among ensemble core 

models. By training several CNN models either from the same type or different types and combine 

their predictions serves to improve the overall crack characterization and deliver more precise pixel 

crack/background probabilities. Therefore, ensemble learning can be more efficient than the single-

model-based methods for concrete crack identification. Although traditional ensemble CNN models 

that involve the weighted average, bagging, stacking, and boosting have been used for image-based 

crack classification, they have been rarely applied in semantic segmentation of cracks. This is mainly 

because the pixel data are highly imbalanced and mostly belong to the background rather than the 
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crack. Moreover, the pixel data is of high dimensions which make it difficult for metal earners to train 

and combine predictions and require high computational efforts, especially in cases of stacking and 

boosting. Moreover, the averaging in weighted average and bagging methods might blur the pixels 

in crack boundaries hiding their actual label probabilities. Therefore, it is of great importance to 

further adapt the ensemble learning philosophy for the purpose of crack semantic segmentation and 

propose more efficient methods similar to the current paper. 

2. Literature Review, Research Gaps, and Contributions 

Several research works investigated the application of CNNs for concrete crack semantic 

segmentation with main focus on single model-based approaches. For example, Arafin et al [20], 

developed a multi-stage strategy for classification and semantic segmentation of concrete defects 

with promising results. First, the classification of cracks and spalling defects was done using three 

CNNs, namely the InceptionV3, ResNet50, and VGG19 with reported 91% accuracy for InceptionV3. 

Also, the semantic segmentation was employed based on the Unet and PSPnet to identify defects’ 

areas with average evaluation metrics score over 90%. In another work, Hang et al. [21] developed 

the AFFNet that used the ResNet101 as backbone and dual attention mechanisms for the semantic 

segmentation of concrete crack with higher mean intersection over union (IoU) metrics over 84%. 

Tabernik et al. [22] developed the SegDecNet++ for semantic segmentation of concrete and pavements 

cracks and enhanced classification-based segmentation reporting the dice score of 81%. Shang et al. 

[23] proposed a fusion-based Unet for the pixel-level identification of sealed cracks with an IoU over 

84%. In another research [24], the multi-resolution feature extraction network (MSMR) was 

developed for the semantic segmentation of concrete cracks with a reported IoU over 82%. Minh 

Dang et al. [25] developed a semantic segmentation of sewer defects method by utilizing the 

DeepLabV3+ with various backbone networks and reported an accuracy of 97% and IoU of 68%. 

Another semantic segmentation model was developed by Joshi et al. [26], in which three sub-modules 

were incorporated and the transfer learning was utilized to improve the overall segmentation results. 

In addition, a multi-stage YOLO-based object detection and Ostu thresholding for crack 

quantification purpose was proposed by Mishra et al [27]. Another research was conducted by Shi et 

al. [28] in which they proposed what was called the multilevel contrastive learning CNN for crack 

segmentation. The developed approach incorporated a dual-training approach by using full image 

and image patches with prespecified sizes and the contrastive learning was then used to provide the 

final decision about the pixel labels. The overall reported IoU for different scenarios did not exceed 

the 70% for all tested datasets. Another research was done by Savino and Tondolo [29] in which the 

Deeplabv3+ networks were developed using weights initialization using transfer learning of different 

other networks with highest reported accuracy of over 91%. Hadinata et al. [30] developed a multi-

class segmentation approach for three classes of crack, spalling and voids using the Unet and 

DeepLabV3+ with a mean reported IoU of around 60% using the Unet. Another approach for crack 

semantic segmentation using a hybrid deep learning approach based on class activation maps and 

encoder-decoder network was proposed by Al-Huda et al. [31]. By incorporating image processing 

methods and transfer learning, the proposed approach was able to provide a mean IoU of around 

90%. In addition, Ali et al. [32] utilized the local pixel weighing approach with residual blocks for 

improving a CNN with encoder-decoder section with average accuracies over 98% for different 

scenarios. Kang et al. [33] utilized the faster RCNN to allocate crack boundaries and a modified 

tubularity flow field for segmentation with a mean average IoU of 83% was reported. Also, the crack 

semantic segmentation of nuclear containments was conducted using an improved Unet using the 

multi-feature fusion and focal loss. Compared to other approaches, the proposed approach achieved 

a better IoU value over 73%. From the studied literature, it can be seen that the developing and 

deploying of single model and its improved features or hybrid versions for the task of crack semantic 

segmentation is the common research trend worldwide. However, single models are often 

susceptible to low generalization abilities and might not recognize all underlying crack patterns. In 

addition, the high bias of the considered datasets might contribute to decline in performance of 

single-model-based approaches. 
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In machine learning applications, ensemble predictions often contribute to improve the 

individual model predictions especially when performance of individual models drops with data 

alterations [34–36]. In recent years, several attempts were devoted to implement ensemble learning 

for semantic segmentation applications [37–39]. Difficulties of high computational cost to train 

individual models to deal with pixel-level data make ensemble learning less favorable in case of 

semantic segmentation. Besides the semantic segmentation of cracks, several successful attempts 

were reported in the literature. For example, Bousselham et al. [40] developed an ensemble models 

based on single meta-learner by leveraging the multi- feature pyramid network for semantic 

segmentation which was tested using general benchmarking datasets. Nigam et al. [41] developed an 

ensemble deep learning semantic segmentation model by extracting knowledge by training 

individual models on separate data sources and fine-tuning after transfer learning to the intended 

domain with main dataset was drone-collected scenes image data. Also, three DeeplabV3 models 

trained using the firefly algorithms were ensembled by Zhang et al. [42] by applying model averaging 

for semantic segmentation of several benchmark datasets. In another research, Lee et al. developed 

an ensemble learning model by the progressive weighted of several core models and their backbones 

for segmentation of skin Lesion. In another work [43], three Unet models with different backbones 

are ensembled using the model averaging and further tuned by evolutionary algorithm for the retinal 

vessel segmentation. For crack semantic segmentation purposes, few research works were concerned 

with the use of ensemble learning. However, some few papers applied the ensemble learning for 

crack semantic segmentation such as, the work of Lee et al. [44] developed a meta-model architecture 

to synthesize an ensemble prediction of four models, namely the DeeplabV3, Unet, DeepLabV3+, and 

DANet with better results reported for the case of the meta-learner ensemble. Li and Zhao [45] 

attempted to ensemble five models, namely the PSPNet, Unet, DeepLabv3+, Segnet, PSPNet, and 

FCN-8s by using four softmax regression-based models. Amieghemen and Sherif [46] employed the 

weighted ensemble of four models, namely three Unets with different backbones and the PaveNet 

for the semantic segmentation of aerial images including pavement cracks. In another work, the fuzzy 

integral was used to ensemble three Linknet models with three different backbone architectures for 

the purpose of pavement crack segmentation [47]. Similar other research works can be found in [48–

53]. A recent review article has indicated that the use of ensemble learning for semantic segmentation 

of concrete crack is less popular to minimize the overfitting and low variance of the deep neural 

networks models [54]. From the above literature, it is evident that research on crack semantic 

segmentation using ensemble learning is still premature and need further improvements. 

According to the aforementioned literature survey, the main motivations and contributions of 

the current paper can be given as: 

• Most available studies relied on individual model prediction to perform the crack semantic 

segmentation. Nevertheless, it is well-known that the individual model might suffer from low 

variance and low generalization ability in case of data alteration. 

• To overcome the overfitting of crack image data, many studies focus on various hybridizations 

or modifications of existing models as well as transfer learning which still do not incorporate the 

knowledge of multiple learning to perform the concrete semantic segmentation task. 

• Crack semantic segmentation underlies several problems, particularly when dealing with 

complex and highly contaminated image backgrounds, blurring, shadows, etc. Therefore, it is 

necessary to improve the existing identification method and include novel techniques. 

• The ensemble learning is a very effective method to improve the performance of individual 

learners by combining their knowledge using some well-established methods, such as weighted 

averaging, stacking, bagging, and boosting. 

• For pixel-level semantic segmentation especially in case of crack images, the abovementioned 

ensemble learning methods are less popular among researchers. This is mainly due to problems 

related to computational cost and difficulties in optimizing ensemble learning parameters. 

• The traditional weighted average ensemble learning for pixel-level semantic segmentation 

might suffer from pixel blurring of crack boundaries resulting high bias of predicted crack map 

than the ground truth. 
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• It is well-known that Pixel-level semantic segmentation is of high spatial correlation features 

which do not highly suit the independent sampling of supervised learning. Moreover, as most 

pixels belong to background and to crack area, class imbalance is inevitable in pixel level crack 

detection. These two reasons make the use of traditional ensemble learning such as boosting and 

stacking difficult. 

• Hence, it is of great significance to improve the existing ensemble learning methods for pixel-

level semantic segmentation, especially when considering crack images that naturally include 

various background contaminations. 

• By leveraging the ensemble deep learning philosophy, a novel corporative semantic 

segmentation of concrete cracks method called Co-CrackSegment is proposed. 

• Five models, namely the U-net, SegNet, DeepCrack19, and DeepLabV3 with ResNet50, and 

ResNet101 backbones are trained to serve as core models for the Co-CrackSegment. 

• To build the corporative model, a new iterative approach based best evaluation metrics, namely 

the dice score, IoU, pixel accuracy, precision, and recall metrics is developed. 

• Finally, a detailed numerical and visual comparisons between the Co-CrackSegment and the 

core models as well as the weighted average ensemble learning model is presented. 

The remainder of the paper is outlined as: (i) The proposed method of semantic segmentation of 

surface cracks is presented in section 3; (ii) The results and discussion of implementation of the 

proposed Co-CrackSegment with overall evaluation and comparison are illustrated in section 4; (iv) 

Finally, the conclusions of this work are presented in section 5. 

3. Materials and Methods 

In this section, a full description on the adopted datasets for semantic segmentation as well as 

the core deep learning models used in the Co-CrackSegment model is presented. Moreover, an 

overview on the proposed Co-CrackSegment model including the iterative optimal evaluation 

metric-based ensemble approach is given in details. 

3.1. Crack Semantic Segmentation Framework. 

The overall common crack semantic segmentation comprises six key stages that can be 

summarized as follows: (i) image data gathering; (ii) image pre-processing and ground truth image 

dataset construction; (iii) semantic segmentation model architecture and training algorithm 

determination; (vi) semantic segmentation model training and testing; (v) crack map identification; 

and (vi) results reporting. Raw crack image dataset is preliminary collected from a considered 

structure such as flying drones, camera holders, climbing robots, etc. After that, the dataset should 

undergo some data pre-processing procedures, in which the dataset is undergone image cropping, 

scaling, augmentation, labeling, normalization, etc. Thereafter, the ground truth images of the dataset 

are built which provide the main comparison tool inside the semantic segmentation models. Then, 

the dual dataset of pre-processed images and their ground truths are divided into training and testing 

subsets. Subsequently, the semantic segmentation model design and parameters as well as the 

training method are determined. Then, the semantic segmentation model is trained until approaching 

a good accuracy. After training the model, the model is evaluated and the crack maps are determined. 

Finally, the final spatial locations of cracks are reported. The overall semantic segmentation can be 

realized in Figure 1. 
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Figure 1. The general crack semantic segmentation framework. 

3.2. Datasets 

In this research, two public datasets are adopted. The first one is the famous DeepCrack dataset 

which was developed by Liu et al. [55]. The DeepCrack dataset is composed of 537 concrete and 

Asphalt images with their manually annotated ground truth images. This dataset is divided into 85% 

for training and 15% for testing. The dataset includes many challenging aspects such as cracks with 

shadows, cracks with foreign objects, spalling, complex background, cracks with rust and marks, etc. 

Some representative images and their ground truth masks are presented in Figure 2. 

Another larger and well-known dataset for crack segmentation is the Rissbilder dataset [56,57], 

which contains 3249 training and 573 testing images divided into 85% for training and 15% for testing. 

The dataset includes wall images taken by a climbing robot. The data is very challenging containing 

shadows, illumination, foreign objects, crack-like scaling, crack-like background texture, thin cracks 

with dirty background, etc. The utilization of this dataset helps to provide complex instances to the 

developed semantic segmentation methods and verify their performances. Some image samples and 

their ground truth masks are presented in Figure 3. 

    

Sample 1: Crack with 
shadow 

Sample 2: Single crack with 
a foreign object 

Sample 3: Multiple cracks 
with a foreign object 

Sample 4: Crack with 
complex background and 

crack-like scaling 
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Sample 1: ground truth Sample 2: ground truth Sample 3: ground truth Sample 4: ground truth 

    
 

Sample 5: Crack with outer 
mark 

 
Sample 6: Spalling 

 
Sample 7: Crack with rust 

 
Sample 8: Crack with crack-

like mark 

    
Sample 5: ground truth Sample 6: ground truth Sample 7: ground truth Sample 8: ground truth 

Figure 2. Sample images of the DeepCrack dataset [55]. 

    

Sample 1: Crack with 
shadow 

Sample 2: Single crack with 
foreign objects 

Sample 3: Multiple cracks 
with foreign objects 

Sample 4: Crack with 
complex background 

    
Sample 1: ground truth Sample 2: ground truth Sample 3: ground truth Sample 4: ground truth 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 August 2024                   doi:10.20944/preprints202408.1801.v1

https://doi.org/10.20944/preprints202408.1801.v1


 8 

 

    
Sample 5: Crack with dirty 

background 
Sample 6: Spalling Sample 7: Crack with scaling Sample 8: Multiple thin 

cracks with crack-like 
textures 

    
Sample 5: ground truth Sample 6: ground truth Sample 7: ground truth Sample 8: ground truth 

Figure 3. Sample images of the Rissbilder dataset [56]. 

3.3. The Core Models 

3.2.1. The U-net. 

One of the most famous semantic segmentation deep CNN is the U-net which was originally 

proposed by Ronneberger [58] for medical imaging segmentation applications. However, the U-net 

has been utilized in various semantic segmentation projects afterwards. The U-net was named due 

to it architecture that takes the portrait of U-frame of encoder-decoder paths. The encoder path grasps 

the semantic features of the image by applying the basic CNN module, in which the image is subject 

to downsampling by employing Conv. And Pooling operations. Nevertheless, the encoder part 

endeavors to precisely recuperate spatial features by applying a set of upsampling and Conv. 

operations. The high order feature maps from the encoder are merged with the upsampled feature 

maps using skip connections, which permits to efficiently recover the low-level spatial features. The 

main merit of the U-net is the capability to recuperate and merge local and global features using the 

encoder-decoder pair and skip connections that help to deliver accurate pixel-level classification even 

with small datasets. The accurate identification of crack boundaries makes very effective for semantic 

segmentation applications, especially in case of crack semantic segmentation. The architecture of U-

net can be observed in Figure 4. 
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Figure 4. The U-net architecture. 

3.2.2. The SegNet 

Another well-known network architecture that is used for semantic segmentation tasks is the 

SegNet, which is a type of CNN with encoder-decoder pair model originally proposed for road scene 

segmentation. The main tool of the SegNet was the transfer learning of the VGG-16 architecture into 

the decoder module to recuperate pixel-level special and semantic features employing the Conv. and 

pooling operations of the VGG-16. The innovative point of the SegNet was the design of its decoder, 

in which the unpooling operation was proposed to unsample low-level features coming from the 

encoder. The indices of the maxpooled features taken from the encoder are utilized to upsample the 

higher features helping to maintain the boundaries and spatial features, which makes it very suitable 

for crack semantic segmentation applications. The main implemented operations in the SegNet are 

the full convolutions instead of fully-connected layers which enables it to process inputs of various 

dimensions, the skip connections that contribute to combine the high-level features from the encoder 

with the upsampled features of the decoder which boosts the semantic segmentation accuracy, and 

the use of transfer learning VGG-16 helps to keep the minimum number of training parameters and 

contributes to lower computational efforts. The overall merits of SegNet have made it an excellent 

choice for semantic segmentation of cracks, hence it is adopted in this work as a main core model. 

The design of SegNet can be realized in Figure 5. 
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Figure 5. The SegNet architecture. 

3.2.3. DeepCrack19 

A well-established CNN model which was designed particularly for concrete crack 

identification and segmentation is the DeepCrack19 [55]. This model leverages the popular encoder-

decoder pair structure with skip connections similar like other semantic segmentation models. The 

encoder part that does the downsampling is made of a VGG-19 [59] model previously trained using 

the ImageNet dataset. It is composed of a 19 Conv. layers with 5 maxpool layers. The decoder branch 

uses the same idea of upsampling and skip connections to merge the encoder resulted upsampled 

low-level feature maps and the unsampled high-level feature maps to provide a concise semantic 

segmentation of cracks. The training process of this network elaborates a double loss function, 

namely the cross entropy and the dice loss to optimize pixel level classification of minor cracks. It is 

well-known that predictions from lower order Conv. layers efficiently maintain crack boundaries but 

are susceptible to noise, however deeper layers are robust against noise but might not be able to keep 

concrete boundaries. DeepCrack19 proposed a compromise solution to solve this problem by 

introducing the guided filtering operation in which the model generates a binary crack mask from a 

fused prediction of various Conv. layers and then utilizing the output of Conv.1 & 2 layers as a 

guiding tool. Thereafter, the guided filtering is implemented to deliver the final classification. The 

overall DeepCrack19 model can be well-understood in Figure 6. 

 

Figure 6. The DeepCrack19 architecture. 
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3.2.4. The DeepLabV3 with Backbones 

Based on DeepLab model and developed by Google, DeepLabV3 is a relatively new deep 

learning model for semantic segmentation [60]. The DeepLabV3 employed several new techniques to 

improve prediction. The main novelty of this model was the replacement of convolution operation 

with the dilated or atrous convolution to recuperate the multiscale features without adding extra 

computational efforts. The atrous convolution implements dilation rates between the filter values, 

which efficiently increases the filter field of observation without altering its size. In addition, the 

DeepLabV3 uses what is called the atrous spatial pyramid pooling to perform a multiscale object 

segmentation which uses a parallel approach incorporating atrous operations with various dilation 

rates. In addition, the DeepLabV3 utilizes a simple type of decoder module to purify the semantic 

segmentation outcomes, which can be very useful in case of segmenting crack boundaries. 

Furthermore, the bilinear sampling and concentration is done by the decoder which merges both low- 

and high-level feature maps, which in turn helps to recover the accurate spatial information of crack 

boundaries. The DeepLabV3 has the feature of coupling various backbone architectures similar to U-

net. In this work, two ResNet models which are the ResNet50 and ResNet101, are merged within the 

DeepLabV3 for the purpose of semantic segmentation of structural cracks. The use of ResNet50 

backbone holds the advantage of the powerful residual and skip connections to overcome the 

gradient vanishing problem during the training process. In addition, the use of ResNet101 as a 

backbone helps to improve the accuracy because the ResNet101 is double in depth of ResNet50 and 

can be useful to perform better extractions of the complex crack pixel features. However, the use of 

DeepLabV3/ResNet101 is more computationally expensive comparing especially when using large 

datasets. The architecture of DeepLabV3 with backbones can be seen in Figure 7. 

 

Figure 7. The DeepLabV3 with backbones architecture. 

3.4. Training Procedure 

To train the core models, the input crack images are resized to 448 × 448 pixels RBG images 

and normalized the pixel values between 0 and 1. Data augmentation is applied to improve the 

variability of the images by using the random rotation, horizontal and vertical flipping, normalization 

and random color jittering. The core models are evolved by considering a batch size of 8 and with 40 

epochs. The dice loss loss function is implemented to measure the difference between the predicted 

and ground truth masks. Other related parameters can be observed in Tables 1 and 2 with respect to 

dataset1 and dataset2, respectively. 
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Table 1. The training parameters of dataset1. 

Epochs 40 

Loss function Dice loss 

batch_size 8 

Initial Learning rate 1e-3 

weight_decay 5e-5 

Classification layer activation function Sigmoid 

Input image dimensions 448*448*3 

Data augmentation operations 

Normalization  

Random rotation  

Horizontal flip 

Vertical flip 

Random color jittering 

Optimizer Adam 

Table 2. The training parameters of dataset2. 

Epochs 40 

Loss function Dice loss 

batch_size 8 

Initial Learning rate 1e-3 

weight_decay 5e-5 

Classification layer activation function Sigmoid 

Input image dimensions 448*448*3 

Data augmentation operations 

Normalization  

Random rotation  

Horizontal flip 

Vertical flip 

Random color jittering 

Optimizer Adam 

3.5. Evaluation Metrics 

The main sets of evaluation metrics for semantic segmentation are categorized under 

overlapping metrics, in which the semantic segmentation model measures the overlap of pixels 

between the original image segmentation map and ground truth. To compute the semantic 

segmentation evaluation metrics, the confusion matrix of pixel-based segmentation mask is starting 

point. The confusion matrix is composed of true (TP) and false positives (FP) as well as false (FN) and 

true negatives (FN). The main overlap metrics are the Dice and intersection over union (IoU) metrics, 

in which a one prediction corresponds a full overlapping, whereas a zero-prediction associated with 

an absence of overlapping between the predicted mask and ground truth. The Dice score and IoU 

can be calculated as follows: 

 
𝐷𝑖𝑐𝑒(𝑎, 𝑏) =

2‖𝑎 ∩ 𝑏‖

‖𝑎‖ + ‖𝑏‖
, 

(1) 

and 

 
𝐼𝑜𝑈(𝑎, 𝑏) =

‖𝑎 ∩ 𝑏‖

‖𝑎 ∪ 𝑏‖
. 

(2) 

Or in terms of confusion matrix, the Dice score and IoU can be calculated as follows: 

 
𝐷𝑖𝑐𝑒 =

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
, 

(3) 

and 

 
𝐼𝑜𝑈 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
. 

(4) 
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Furthermore, the Rand score (pixel accuracy) is the number of correct pixel predictions (TP and 

TN) divided by the total number of pixel predictions as in the following equation: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

=
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
. 

(5) 

In addition, the precision and recall are popular evaluation metrics in semantic segmentation. 

Precision measures how often predictions for the positive class are correct in the segmentation result, 

while Recall represents how well the semantic segmentation model detects all positive pixels in the 

segmentation result. The precision and recall can be calculated as follows: 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, 

(6) 

and 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
. 

(7) 

 

Finally, the mAP which is the mean average precision or the 

average value of precision across all classes is utilized. The mAp can be 

given as follows: 

 
𝑚𝐴𝑃 =

1

|𝑐𝑙𝑎𝑠𝑠𝑒𝑠|
∑

|𝑇𝑃𝐶|

|𝑇𝑃𝐶| + |𝐹𝑃𝐶|

𝐾

𝑐=1

, 
(8) 

where k is the number of classes in the segmentation problem. 

3.6. The Proposed Method 

Crack semantic segmentation is often a challenging task, particularly when dealing with 

complex and contaminated image backgrounds. The available identification approaches require 

improvements and advanced techniques must be employed. Group learning or ensemble learning 

are common tools that improve single classifiers by combining their predictions. However, these 

group learning tools are less common to be applied for pixel-level semantic segmentation [54], 

especially for crack images due to computational costs and difficulties in optimizing ensemble 

learning parameters for pixel level evaluation. Therefore, it is of high significance to boost existing 

ensemble learning methods for pixel-level semantic segmentation for crack images. To address this 

issue, a novel cooperative crack semantic segmentation method, called Co-CrackSegment is 

proposed. This method takes advantage of ensemble deep learning philosophy by developing a new 

iterative approach based on the optimal evaluation metrics. Five Co-CrackSegment frameworks 

using the optimal dice score (Co-CrackSegment/dice), optimal IoU (Co-CrackSegment/IoU), optimal 

pixel accuracy (Co-CrackSegment/Pixel_Acc), optimal precision (Co-CrackSegment/Precision), and 

optimal recall (Co-CrackSegment/Recall) are developed and compared. To construct the group 

learner, five models, namely the U-net, SegNet, DeepCrack19, and DeepLabV3 with ResNet50, and 

ResNet101 backbones are trained to serve as core models for the Co-CrackSegment. The N trained 

core models are inserted in a model list and an external archive that stores the best model metrics. 

Each testing image is fed to the trained models and the evaluation metrics are computed subsequently 

including the current evaluation metrics. Thereafter, the external archive is altered and the model 

evaluation metrics are stored if a better evaluation metric score is achieved for each of the Co-

CrackSegment frameworks. Finally, the overall iterative method is terminated after the best trained 

models’ metrics are stored. The overall approach can be realized in Figure 8 as well as the following 

steps: 

1. Load N trained semantic segmentation models in the model_list. 

2. Choose one Co-CrackSegment framework, namely Co-CrackSegment/dice, Co-

CrackSegment/IoU, Co-CrackSegment/Pixel_Acc, Co-CrackSegment/Precision, or Co-

CrackSegment/Recall. 

3. Set best_evaluation_metric_score to -1, and best_model_metrics to an empty matrix. 

4. For each test image do the following: 

(a) For each current_model in the model_list (N times) 
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(b) Set the trainer.model to the current_model. 

(c) Evaluate current_model with test image and compute the segmentation prediction 

output. 

(d) Compute the overall evaluation metric scores including the 

current_evaluation_metric_score of the test image (current_model_metrics). 

(e) If (current_evaluation_metric_score >best_ evaluation_metric_score) 

i. best_ evaluation_metric_score = current_ evaluation_metric_score 

ii. best_model_metrics= current_model_metrics 

iii. Add trainer.model to the evaluation results matrix. 

5. Show the results 

 

Figure 8. The developed corporative Co-CrackSegment semantic segmentation approach. 

In addition to the aforementioned Co-CrackSegment framework the ensemble using the 

weighted average method employs the following steps as: 

The ensemble method is based on the trained semantic segmentation models and consists of the 

following steps: 

1- Load N trained semantic segmentation models in the model_list. 

2- Set current_model to model1, and model_outputs to an empty matrix. 

3- For each test image do the following: 

 For each current_model in the model_list 

a. Compute the prediction of the current model. 

b. Multiply predictions by the weight of the model 

weighted_predictions = predictions * weights[j] 

c. Add the weighted predictions to the list 

model_outputs.append(weighted_predictions). 

4- Perform weighted average sum: 

ensemble_output = (sum(model_outputs) >= 0.5) 
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5- Compute metrics for the ensemble output 

6- Show the results 

Research manuscripts reporting large datasets that are deposited in a publicly available database 

should specify where the data have been deposited and provide the relevant accession numbers. If 

the accession numbers have not yet been obtained at the time of submission, please state that they 

will be provided during review. They must be provided prior to publication. 

Interventionary studies involving animals or humans, and other studies that require ethical 

approval, must list the authority that provided approval and the corresponding ethical approval 

code. 

4. Results and Discussion 

This section presents the overall outcomes of the pixel level semantic segmentation of surface 

crack two paradigms, namely the results of the core models and the proposed Co-CrackSegment 

frameworks. 

4.1. Performances of the Core Models 

In this study, five independent core models namely the DeepLabV3 with ResNet50 

(DLV3/ResNet50) and ResNet101 (DLV3/ResNet101), U-net, SegNet, and DeepCrack19 have been 

trained and tested using the two considered datasets for the purpose of pixel level semantic 

segmentation of surface cracks. The aim of training those aforementioned models is to develop strong 

core classifiers to be utilized inside the ensemble learning Co-CrackSegment frameworks. The five 

trained models are evaluated and by considering the parameter sets considered in Tables 1 and 2 

corresponding to dataset1 and dataset2, respectively. The dice loss, percentage of pixel accuracy (%), 

IoU (%), precision (%), recall (%), mAP (%), and the iteration per second values are taken into account 

as main evaluation and comparison metrics. Results of training the core models can be observed in 

Tables 3 and 4 for dataset1 and dataset2, respectively. In addition, the statistical results are drawn in 

Figures 9 and 10 for dataset1 as well as Figures 11 and 12 for dataset2. By studying the tabulated 

results, it is clear that the U-net has achieved the best performance by means of loss, pixel accuracy, 

IoU, dice, and mAP in case of dataset1. It is also worth mentioning that the DLV3/ResNet50 and 

DLV3/ResNet101 have also achieved good performances when compromising the overall evaluation 

metrics. Furthermore, the iteration per second score of the DeepCrack19 makes it more competitive 

as a computationally efficient model. Moreover, in case of dataset2 and similar to dataset1, the U-net 

has also achieved the best performance by means of loss, accuracy, IoU, recall, dice, and mAP. Also, 

the DeepCrack19 has shown better computational performance than the other models when 

considering the number of iterations per seconds. 

Table 3. Segmentation metrics of the trained individual models using dataset1. 

Model Loss 
Pixel 

ACC% 
IoU% Precision% Recall% Dice%  mAP% It/Sec 

DLV3/ ResNet50 0.201 98.72 68.41 73.85 90.92 80 84.87 1.09 

Unet 0.178 98.89 71.15 81.1 85.58 82.2 84.9 1.01 

DeepCrack19 1.06 98.88 70.1 81.31 83.79 81.6 84.79 1.31 

SegNet 0.191 98.78 69.4 79.23 85.48 81 84.522 1.17 

DLV3/ ResNet101 0.185 98.9 70.2 80.38 84.6 81.7 84.69 1.11 

Table 4. Segmentation metrics of the trained individual models using dataset2. 

Model Loss 
Pixel 

ACC% 
IoU% Precision% Recall% Dice%  mAP% It/Sec 

DLV3/ResNet50 0.347 98.39 49.79 64.12 69.43 65.6 68.07 2.44 

Unet 0.33 98.5 51.2 65.9 70.46 67.04 69.36 2.37 
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DeepCrack19 1.8 98.4 51.2 66.24 69.21 67.1 68.1 3.06 

SegNet 0.339 98.4 50.22 65.1 69.93 66.1 68.35 2.66 

DLV3/ResNet101 0.346 98.4 49.82 64.16 69.38 65.7 68.0 1.56 

 

Figure 9. The evaluation metrics of the core models for dataset1. 

 

Figure 10. The losses and Iterations/Sec of the core models dataset1. 

 

Figure 11. The evaluation metrics of the core models for dataset2. 
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Figure 12. The losses and Iterations/Sec of the core models dataset2. 

4.2. Performances of Co-CrackSegment 

As it has been mentioned in section 3.5, the Co-CrackSegment takes advantage of group learning 

by developing an iterative approach based on the optimal evaluation metrics. The five trained deep 

learning semantic segmentation models are used core models inside the Co-CrackSegment. 

Thereafter, the Co-CrackSegment is executed by considering five frameworks using the optimal dice 

score (Co-CrackSegment/dice), optimal IoU (Co-CrackSegment/IoU), optimal pixel accuracy (Co-

CrackSegment/Pixel_Acc), optimal precision (Co-CrackSegment/Precision), and optimal recall (Co-

CrackSegment/Recall). The evaluation results of the Co-CrackSegment paradigms are presented in 

two styles as in Tables 5 and 6 as well as Figures 13 and 14 for dataset1 and dataset2, respectively. By 

studying the results, the Co-CrackSegment/dice and Co-CrackSegment/IoU have shown the best 

trade off scores comparing to other Co-CrackSegment frameworks. In addition, when comparing to 

weighted average method, most Co-CrackSegment frameworks outperformed the weighted average 

ensemble by means of all evaluation metrics. This is because the traditional weighted average 

ensemble learning for pixel-level semantic segmentation suffer from pixel blurring of crack 

boundaries due to average predictions resulting in high bias of predicted crack map than the ground 

truth. Furthermore, when comparing the results of core models with the Co-CrackSegment 

frameworks, it is clear that the group learning approach has boosted the performance of the 

individual models by means of all evaluation metrics. This proofs the efficiency of Co-CrackSegment 

approach for pixel level semantic segmentation of surface cracks. 

Table 5. Segmentation metrics of the ensemble models using dataset1. 

Model Pixel_ACC IoU Precision Recall Dice mAP 

Co-CrackSegment/dice 99.03 72.98 82.22 86 83.62 85.8 

Co-CrackSegment/IoU 99.038 72.98 82.24 86 83.62 85.8 

Co-CrackSegment/Pixel_Acc 99.042 72.88 82.61 85.3 83.52 85.57 

Co-CrackSegment/Precision 98.96 71.67 83.29 83.22 82.74 85.1 

Co-CrackSegment/Recall 98.96 71.85 79.84 87.31 82.75 85.12 

Weighted average 98.91 70.56 80.61 85.38 81.91 83.24 

Table 6. Segmentation metrics of the ensemble models using dataset2. 

Model Pixel ACC IoU Precision Recall Dice mAP 

Co-CrackSegment/dice 98.52 53.28 67.37 71.925 68.9 70.31 

Co-CrackSegment/IoU 98.52 53.28 67.41 71.88 68.9 70.31 

Co-CrackSegment/Pixel_Acc 98.536 52.97 68.21 70.43 68.6 70.5 

Co-CrackSegment/Precision 98.527 52.31 68.46 69.08 68.03 69.45 

Co-CrackSegment/Recall 97.96 52.14 64.72 73.33 67.8 69.4 

Weighted average 98.48 51.84 67.59 68.89 67.61 68.62 
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Figure 13. The evaluation metrics of the Co-CrackSegment frameworks for dataset1. 

 

Figure 14. The evaluation metrics of the Co-CrackSegment frameworks for dataset2. 

4.3. Visual Comparison and Discussion 

To give a better overview about the developed Co-CrackSegment approach, a detailed visual 

comparison between the different Co-CrackSegment frameworks as well as the core models are given 

in this section. Two groups of image samples from DeepCrack and Rissbilder dataset are tested as in 

Tables 7 and 8, respectively. The image sample groups contain several challenging aspects. The test 

group1 contains eight samples, in which test sample1 contains a wide discontinues crack with 

augmentation feature at the end of it. 

From Table 7, it can be seen that the most reduced noise and closest crack map to ground truth 

has been achieved by the Co-CrackSegment/Pixel_Acc in case of Test sample 1. Test sample 2 contains 

a thin lateral crack with a blurry background which makes the pixel level identification challenging. 

Nevertheless, all the Co-CrackSegment frameworks have achieved very close crack map to the 

ground truth. Test sample 3 contains a wide crack with two challenging spots above and beneath. 

However, all the Co-CrackSegment methods have achieved very good matches with the ground truth 

image eliminating the background challenging spots. Image sample 4 contains a thin spalling with 

small voids in the background which contribute to highly noisy background. Except the tiny crack 

portion in the down-left corner, it can be seen that the Co-CrackSegment/Dice and Co-

CrackSegment/IoU have given the best crack map images. Image sample 5 contains one wide crack 

with a repaired part in the middle as well as a very thin crack above it. It can be seen from the results 

that the Co-CrackSegment/Dice and Co-CrackSegment/IoU as well as Co-CrackSegment/Recall have 

achieved the best crack maps comparing to other methods. Test sample 6 includes a transverse crack 

with complex colored background and scaling in addition to bulges in the middle. It is reported that 

the Co-CrackSegment/Dice and Co-CrackSegment/IoU as well as Co-CrackSegment/Precision have 

achieved the best crack maps comparing to other methods. In Test sample 7, spalling cracks are 
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distributed along the image with some voids in the background and very thin cracks around the main 

crack and the lower left part of the image. It can be observed that all the Co-CrackSegment methods 

have achieved relatively good crack maps with a tradeoff between the elimination of background 

voids and the thin crack portions. 

From Table 8, the Test sample 1 has three main cracks with thin ends. It can be observed that the 

Co-CrackSegment/Dice and Co-CrackSegment/IoU as well as Co-CrackSegment/Recall have 

achieved the best reduced noise and closet matches to original ground truth. Test sample 2 contains 

two main cracks with a crack like scaling at the left side. It can be reported that the Co-

CrackSegment/Dice and Co-CrackSegment/IoU have delivered better crack maps comparing to other 

models with main advantage of reduced noise in the background. Test sample 3 contains a very thin 

vertical crack with scales in the background. It is reported that all the Co-CrackSegment as well as 

the weighted average have successfully eliminated the scaling positions and accurately located the 

crack area. In Test sample 4, only very minor lateral crack with complex color of the background and 

scaling like spots. Nevertheless, all the Co-CrackSegment methods have achieved very good matches 

with the ground truth image eliminating the background challenging spots. In Test sample 5, a 

spalling crack can be seen in the lower part of the image with a vertical crack along the image and a 

scaling region in the background. It can be seen that the Co-CrackSegment/Dice, Co-

CrackSegment/IoU, and Co-CrackSegment/Pixel_Acc the weighted average models have delivered 

the best crack maps comparing to the original image and the ground truth. In Test sample 6, a 

horizontal crack with interconnected vertical crack can be observed as well complex crack like scaling 

in the background. It is reported that the CrackSegment/Dice, Co-CrackSegment/IoU, and Co-

CrackSegment/Pixel_Acc have also given the best crack maps comparing to the original image and 

ground truth. In Test sample 7, a very thin crack tree with complex color and illumination of the 

background as well as crack-like scaling can be observed. All the Co-CrackSegment models and 

weighted average have delivered very excellent pixel level segmenation of the crack except the Co-

CrackSegment/Recall that misclassified the pixel of the crack-like scaling. Finally, it is clear that the 

Co-CrackSegment/Dice and Co-CrackSegment/IoU frameworks have achieved the best performance 

comparing to other Co-CrackSegment frameworks and the weighted average method. This confirms 

the results presented in the previous discussion. 

It is important to note that the test samples are randomly chosen image samples with very 

challenging feature maps. This cannot fully reflect the overall model performances that can be better 

observed from the statistical results. However, it can assist to provide a better visual analysis on the 

pixel level crack segmentation performances when the models are fed with complex and challenging 

images. 

Table 7. Visual evaluation of the compared models using image samples of dataset 1. 

Test sample 

1 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 
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Test sample 

2 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

3 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

4 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

5 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 
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Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

6 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

7 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Table 8. Visual evaluation of the compared models using image samples of dataset 2. 

Test sample 

1 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 
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Test sample 

2 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

3 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 

Co-

CrackSegme

nt/ Precision 

Co-

CrackSegme

nt/ Recall 

Weighted 

average 

ensemble 

 

      

Test sample 

4 

Ground 

Truth 

DeepLabV3

Plus 

resnet50 

DeepCrack1

9 
SegNet  Unet 

DeepLabV3

Plus 

resnet101 

       

 

Co-

CrackSegme

nt/ Dice 

Co-

CrackSegme

nt/ IoU 

Co-

CrackSegme

nt/ 

Pixel_Acc 
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5. Conclusion 

In this research, a novel collaborative deep learning approach called Co-CrackSegment for the 

purpose of surface crack semantic segmentation has been proposed. For the purpose of constructing 

the Co-CrackSegment, five core models, namely the DeepLabV3/ResNet50, U-net, DeepCrack19, 

SegNet, and DeepLabV3/ResNet101 have been trained using two different datasets. Subsequently, 

the Co-CrackSegment has been tested by taking into account five frameworks using the optimal dice 

score (Co-CrackSegment/dice), optimal IoU (Co-CrackSegment/IoU), optimal pixel accuracy (Co-

CrackSegment/Pixel_Acc), optimal precision (Co-CrackSegment/Precision), and optimal recall (Co-
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CrackSegment/Recall). Comparisons have been made between the core models and the different Co-

CrackSegment frameworks using the tabulated and visual aspects. Furthermore, challenging test 

images with complex patterns have been chosen to perform visual comparison between both the core 

models and the developed Co-CrackSegment models. The overall findings of this paper can be 

summarized as follows: 

• Under the theme of the core models, it has been reported that the U-net has achieved a prominent 

performance by means of loss, pixel accuracy, IoU, dice, and mAP when trained using dataset1. 

It has also been observed that the DLV3/ResNet50 and DLV3/ResNet101 have also achieved high 

performances when compromising the overall evaluation metrics. Moreover, the iteration per 

second score of the DeepCrack19 has given it competitive advantages as a computationally 

efficient model. Moreover, when trained using dataset2 and similar to dataset1, the U-net has 

also achieved an outstanding by means of loss, accuracy, IoU, recall, dice, and mAP. Also, the 

DeepCrack19 has shown better computational performance than the other models when 

considering the number of iterations per seconds. 

• When studying the proposed corporative semantic segmentation Co-CrackSegment approach, 

the Co-CrackSegment/dice and Co-CrackSegment/IoU have shown the best trade off evaluation 

scores comparing to other Co-CrackSegment frameworks. Furthermore, when comparing to 

weighted average method, most Co-CrackSegment frameworks outperformed the weighted 

average ensemble as well as the core models by means of all evaluation metrics. This is because 

the traditional weighted average ensemble learning for pixel-level semantic segmentation suffer 

from pixel blurring of crack boundaries due to average predictions resulting in high bias of 

predicted crack map than the ground truth. Furthermore, when comparing the results of core 

models with the Co-CrackSegment frameworks, it has been observed that the corporative 

learning approach has boosted the performance of the individual models by means of all 

evaluation metrics. This proofs the efficiency of Co-CrackSegment approach for pixel level 

semantic segmentation of surface cracks. 

• When studying feeding the developed models with test samples that contain many challenges, 

such as crack-like scaling, foreign objects, this cracks, bulges, voids, spalling, etc. It has been 

reported that all the developed Co-CrackSegment approach for pixel level semantic 

segmentation of surface cracks have given very enhanced crack maps even in challenging cases. 

Also, the Co-CrackSegment/Dice and Co-CrackSegment/IoU frameworks have achieved the best 

performance comparing to other Co-CrackSegment frameworks and the weighted average 

method as well as the core models. This confirms the results presented in the previous 

discussion. 

• Finally, several future improvements can be done to improve the proposed method. Firstly, the 

Co-CrackSegment approach can accept the insertion of any semantic segmentation model. This 

mainly due to its flexibility to add core models to its main framework. Moreover, the Co-

CrackSegment method can be boosted by improving the utilized performance metrics to make 

a better trade-off between the original performance metrics that have already been used in its 

framework. Furthermore, the proposed Co-CrackSegment method can be further improved for 

multi-level semantic segmentation of structural surface defects. Lastly, the Co-CrackSegment 

can be easily adapted to be used in other semantic segmentation applications. 
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