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Abstract 

Deep learning-based visual analytics play an important role in the automation of industrial processes, 

performing exceptionally well compared to traditional machine learning approaches. However, there are 

several challenges faced by deep learning methods when employed in industrial applications, such as noisy 

data, lack of labeled data, computational complexity, and adversarial attacks. In this context, this paper presents 

a case study on deep learning-assisted coastal crane automation. The case study presents real-time container 

corner casting recognition for efficient loading and unloading of the container. The proposed crane casting 

recognition consists of a lightweight dehazing method for pre-processing noisy videos to remove haze, fog, 

and smoke, and end-to-end corner casting recognition by applying a recurrent neural network along with long 

short-term memory (LSTM) units. The proposed method is real-time, and is verified in the field with an average 

rate of accuracy of 96%. This paper also explores the challenges faced by artificial intelligence and 

recommends possible future directions in the relevant domain. 
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1. Introduction 

Recent scientific developments have contributed to the manufacturing of large-scale mechanical 

equipment and machinery. Such equipment provides a foundation for high-speed, accurate, and 

automated processes increasing the productivity of human efforts [1]. The recent rapid advance of 

technology has also led to the automation of more complex processes with even better results [2, 3]. The 

extraordinary performances of these industries are leading the business community to invest heavily in 

this side of the business, especially in the mechanical industry. The core reason for this is the reliability 
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and performance of the latest machinery and technology. Such reliability and trust in the mechanical 

industry have resulted in immense growth in both public and private sector businesses recently. These 

business ventures can lead to more job opportunities and serve as a core pillar of the economy of any 

country [4]. The introduction of the latest machineries and technologies not only increases the 

productivity of many sectors but also contributes to the economy by creating more jobs. This is the reason 

why economies are usually heavily dependent on the mechanical machinery and equipment industries. 

For this specific reason, failure to maintain this industrial sector often raises drastic economic 

implications [5].  

The failure of or damage to mechanical equipment may have consequences ranging from the severe to 

the drastic to even the unimaginable. Malfunctions of mechanical equipment can affect the whole 

industrial process, which in turn hampers productivity. The consequences can be direct or indirect for the 

economy and for human beings. Such damages and failures can also have an adverse impact on the 

mechanical devices themselves, which are usually very costly. Second, failures of or damages to large 

machinery often have an effect on human lives. They can also have a definite negative impact on the 

economy if left to continue un-remedied for a long time [6]. Sometimes such damages or failures are not 

so severe, yet they nonetheless lead to disastrous scenarios. As such, there is a strong need to develop a 

mechanism to maintain the smooth functioning of industrial equipment and to control any unavoidable 

severe consequences. This raises the importance of an intelligent and real-time fault diagnostic system 

that can monitor equipment and identify any potential failures in advance. The idea was first introduced 

by countries with advanced technology in the 1970s [1]. Fault diagnostic systems continuously monitor 

the current status of machinery and predict a potential failure. According to one survey, for a 400-MW 

steam turbine generator, a good failure diagnostic system can save around $17 million in maintenance 

costs per year if it can reduce the planned shutdown rate and the forced shut down rate to 1% [1]. Thus, 

efficient and artificial intelligence driven diagnostic systems can reduce maintenance costs as well as 

economic and human losses. 

Generally, there is no proper or authentic definition of a mechanical fault. The general, widely used 

definition of a fault is “an event that makes a machine work abnormally or affects the performance of the 

machine.” There are certainly many possible or potential faults that can be identified using high-definition 

surveillance cameras [7, 8]. In the last few decades, deep learning [9] and computer vision have become 

widely popularized in diverse fields [10–16]. Therefore, there has been an increase in the use of computer 

vision-based techniques [17] for fault detection and localization. These computer vision techniques 

perform exceptionally well for surveillance-based systems [14], especially after the development of the 

latest deep learning techniques, such as convolutional neural networks (CNNs), semantic segmentation 

and, more recently, reinforcement learning. These deep learning techniques deliver exceptional 

performance for computer vision problems [18–21]. Recent deep learning techniques produce very good 

results, yet they also have some limitations when applied to industrial problems like fault detection and 

localization. Generally, the data received through surveillance cameras are usually of poor quality. On 

the other hand, data processing in real time becomes a serious problem if very high-definition cameras 

are used to capture surveillance data [21, 22]. Extreme weather conditions and haze are other issues that 

hamper surveillance data. These conditions make it practically impossible for a fault diagnostic system 

to intelligently identify and localize a fault from video or image data captured by cameras. The models 

produce poor results with poor quality, high definition, or hazy data. The system will not be able to 

accurately identify and localize faults in such noisy or hazy data. Therefore, it is vital to design an 

efficient, real-time dehazing based preprocessing technique, lightweight deep learning models for object 

detection or segmentation for industrial process automation, and an intelligent fault diagnostic system [4, 

23]. 

This study consists of a detailed analysis of the role of current deep learning technologies in industrial 

applications, with an emphasis on highlighting the challenges and opportunities. Furthermore, it 

introduces an efficient real-time deep learning assisted coastal crane automation system that can enhance 

the quality of captured video streams using the dehaze method and process them for the accurate 
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localization of container castings. The proposed CNN-driven dehaze architecture automatically maps the 

relationship between image (captured from surveillance videos) features with haze, and then generates 

an accurate estimation of medium transmission maps. This scheme ultimately processes images in real 

time so as to produce clean images that can be further used for the detection and segmentation of container 

corners.   

The rest of this paper is organized as follows: Section 2 presents a brief history of artificial intelligence 

(AI) in the context of industrial automation; Section 3 presents the main challenges and recommendations 

related to the latest AI techniques used for industrial applications; Section 4 presents a case study on 

industrial process automation systems; and Section 5 presents the conclusion and directions for future 

research in this domain. 

 

2. Artificial Intelligence and Deep Learning  
 

AI is inspired by the human cognitive ability to solve complex industrial problems, which are difficult 

to solve otherwise. The essence of AI techniques lies in solving complex engineering problems by 

capturing the subtle relationship between input and output data examples, even when it is difficult to 

understand the underlying relations. Therefore, AI models are data-driven, and thus need data to learn to 

make future predictions and decisions. AI has evolved over a period of sixty years, yielding remarkable 

performances in recent years [24]. The artificial neural network (ANN) was originated in the 1940s when 

the MP model [25] and the Hebb rule [26] were used to analyze how neurons in the human brain work. 

In the early 1960s, different chess games were developed, and some other small problems were solved 

using machine learning. In 1956, a mathematical approach, called perceptron, inspired by the human 

nervous system, was developed with linear optimization [27]. This work was followed by the adaptive 

linear unit [28], which was used in practical applications like communication and weather prediction. 

The major limitation of early AI techniques was their inability to handle problems that involved non-

linear data [29]. 

The second expansion of AI began in 1980 when the Hopfield network circuit [30] was designed. The 

non-linear data problem was solved using the back propagation (BP) algorithm in 1974 [31]. Hopfield 

network and Boltzmann machine (BM) employed random approach for non-linear data problem [32]. In 

1997, the kernel functions were proposed for the support vector machine (SVM), which performed 

exceptionally well with classification and regression problems. However, the human intervention 

required to fine-tune features and to reduce dimensionality for such traditional models remained a 

problem, so the performance of these models remained dependent on human-engineered features. Deep 

learning has benefited not only from the accumulation of conventional machine learning algorithms but 

also from statistical learning. An overview of the emergence of these models is given in Fig. 1. Deep 

learning uses data representation rather than handpicked engineered features and converts raw and 

unstructured input data into abstract representation to learn the features. In 1986, the restricted Boltzmann 

machine (RBM) [25] was designed using the probability distribution of the Boltzmann Machine, in which 

hidden layers were used as features to characterize the input data. This was followed by the design of the 

auto-encoder, where a layer-by-layer greedy algorithm was used to reduce the loss function [33]. In 1995, 

a directed topology connection-based neural network was designed for feature learning from sequential 

data [34]. In 1997, a new model called the long short-term memory (LSTM) model was designed to 

handle gradient descent problems and complex time sequence problems [35, 36]. 

In 1998, a conventional neural network model was designed for two-dimensional data, such as images, 

where features learning was achieved using pooling and convolutional layers [37]. As the structure of 

deep learning models became increasingly complex and deeper, model training and optimization for 

features became more time consuming, which often led to overfitting and local optimization problems. 

This problem was solved in 2006 with the design of the deep belief network, which used bidirectional 

connections in top layers instead of stacking RBMs directly, leading to a drop in computational 

complexity [38]. The deep autoencoder was also proposed to handle highly non-linear data, while other 
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variants of the autoencoder were designed to handle sparsity, dimensionality reduction, and ambiguous 

input data [39]. Deep CNN was also proposed to handle images in a better way by using deep layers, 

yielding a remarkable improvement in results [40]. Nowadays, many new models for deep learning that 

show improved performance are being proposed [41]. 

 

 

Fig. 1. The evolutionary phases of artificial intelligence, machine learning, and deep learning. 

 

Both deep learning and traditional machine learning algorithms are data-driven and can model complex 

underlying relationships between input and output. Deep learning is different from traditional machine 

learning due to its deep hierarchy, feature representation and learning, model training, and construction. 

Deep learning models rely on feature learning and model training in a single step, using kernels or end-

to-end optimization. The deep structure with many hidden layers essentially consists of multi-level non-

linear operations. It converts the original representation of features into a more abstract representation to 

understand the complex underlying structure. In general, deep learning is an end-to-end learning model 

that requires minimal human interaction, whereas traditional machine learning learns features and 

performs classification in different steps. The features are extracted after converting raw data into 

different domains, such as frequency, time, or statistical domain. The next step usually consists in 

selecting the most discriminative features in the feature selection stage. Therefore, performance not only 

depends upon the machine learning algorithm but also on the features used for classification. Generally, 

feature extraction and selection are time-consuming tasks and heavily dependent on domain knowledge. 

Therefore, deep learning models are more flexible and adaptive. The deep hierarchy of these models also 

makes it convenient to model complex non-linear relationships of data. As the sheer volume of data is 

increasing greatly day by day, the ability of a model to handle data in bulk is also important. Deep learning 

models perform best when provided with a huge amount of data; and they perform better still when data 

keeps on increasing for deep learning. As for traditional models, they show no further improvement in 

their performance after a certain amount of data. The differences between traditional machine learning 

and deep learning are illustrated in Table 1. Reinforcement learning is the latest machine learning 

technique to have gained popularity due to its performance. A reward-based mechanism is used for 

training, whereby a reward is given to the agent when it makes the right decision. In this way, the agent 

learns to make decisions based on its previous learning and ultimately solves difficult scenarios. 

 

Table 1. Difference between traditional machine learning models and deep learning [9] 

Category Feature learning Model Training 

Traditional/conventional 

machine learning 

models 

Explicitly engineered. 

Domain knowledge required 

for feature selection. 

Shallow structure. 

Handcrafted features are used 

to train a model. 

The model is trained 

in multiple steps. 
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Category Feature learning Model Training 

Deep learning Feature learning is done by 

transforming data into an 

abstract representation. 

End-to-end deep hierarchical 

non-linear multilayer 

structure. 

The model is trained 

jointly. 

 

Computational intelligence is a principal area of smart manufacturing that includes performance 

enhancement, cost control, optimization of processes, shortened product cycle development times, and 

improved efficiency, as shown in Fig. 2. Machine learning has been scrutinized and explored at various 

stages of the manufacturing lifecycle. The applications of AI have seen huge growth in the fields of smart 

manufacturing, surveillance systems, financial decision making, health care, self-driving cars, and 

automation. As a step forward in AI, deep learning performs exceptionally well in numerous applications 

related to speech recognition, image recognition, natural language processing, multimodal image-text, 

and games. Deep learning permits the automatic processing of data into extremely nonlinear feature 

abstraction through a stream composed of many layers, rather than handcrafting the best feature 

representation of data with the knowledge of the domain. Deep learning provides advanced analytics 

tools for processing and analyzing big manufacturing data. Streams of layers for nonlinear processing are 

used to learn representations of data parallel to various abstraction stages. The invisible patterns beneath 

each layer are then recognized and predicted through end-to-end optimization.  

Deep learning also has the potential to enhance data-driven manufacturing applications, specifically in 

the big data era [42]. One of the main areas of focus for the application of deep learning is computer 

vision. The performance of deep learning models has been exceptionally competent when applied to 

computer vision systems. There are many areas in computer vision—such as medical imaging, image 

retrieval, video processing, and surveillance—that have benefited from the advances made in deep 

learning. Video surveillance has become an important area where industrial solutions can also be 

developed. However, a large amount of labeled data, a lightweight model, and an efficient preprocessing 

technique are required to produce a good system for industry in general. This study aims to make AI-

driven computer vision systems more robust when dealing with hazed input images. 

 

 
Fig. 2. Forecast of AI investment opportunities in different industrial sectors [31]. 
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3. Challenges and Recommendations  
 

This section presents a discussion of the main challenges faced by deep learning with regard to 

industrial applications and possible future directions. 

 

3.1 Data Availability and Labeling 

 

The main difference between traditional machine learning classification models and deep learning 

resides in their performance in relation to big data. The overall performance of traditional machine 

learning models enhances as the volume of data increases to a certain level. However, after a certain 

limit, the increase in training data has no impact on performance or accuracy. In fact, their performance 

remains almost the same despite their being provided with more data. Conversely, an increase in the 

volume of training data enhances the performance of deep learning. The more the amount of training data 

is increased, the better the performance of the deep learning model. Therefore, a huge amount of data is 

required to design highly efficient systems, but the availability of data remains a challenging task. 

Big data has provided a strong foundation for improving the performance of deep learning-based 

models, but it raises a serious issue concerning data labeling. Deep learning models usually require 

labeled data and, to that end, all data needs to be labeled by expert annotators from the respective 

domains. The importance of data labeling has arisen in parallel with the increasing demand for big data 

and an increase in the performance of more sophisticated machine learning algorithms. The manual 

annotation of big data is a difficult task due to the amount of time, cost and effort involved. This problem 

can be solved, however, by using automatic labeling processes using pseudo labels. A solution can be 

designed to label datasets, especially for industrial applications. There is another possible solution to 

handling the labeling process, namely the use of semi-supervised techniques. These semi-supervised 

techniques take some labeled data to start the process, and then group the data according to their similarity 

with labeled data. In this way, the time and cost of labeling can be reduced effectively. 

 

3.2 Data Quality 

 

Datasets collected for different purposes generally contain noise, especially in the field of computer 

vision. The data in surveillance-based systems are usually obtained from a camera. Generally, high-

definition cameras are used to take videos that preserve the fine details of a captured scene. These high-

quality camera devices minimize the effect of general noise, but certain scenarios still require 

preprocessing procedures for refining the data. In industrial application scenarios, there may be extreme 

weather conditions such as rain, light reflection, fog, snow, or day-night that need to be handled before 

processing. Similarly, an industrial fault diagnostic system may face a scenario in which the captured 

image is hazed. For the abovementioned scenarios, it is essential to develop techniques that can handle 

such unavoidable scenarios so as to improve the performance of the industrial applications of deep 

learning. 

 

3.3 Deep Models Computational Complexity 

 

As discussed earlier, a huge amount of data is usually required to design a highly efficient model. 

Traditional machine learning models are not scalable and lack the ability to handle such large amounts 

of data, whereas deep learning-based models require a good amount of data to produce better results. 

Real-time data processing is subtly different to data availability from the perspective of computational 

complexity. Data availability poses a challenge for the provision of new and abundant data, but real-time 

processing is the ability to handle or process data in real time or almost real time. Various applications 

of machine learning, such as surveillance, business intelligence or fraud detection, require the real-time 
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processing of the data. Live streaming can be used to provide live data; however, its efficient handling 

remains an open research issue due to the high quality of images. At least 30 frames per second are 

required to provide a good solution, especially in the case of video surveillance. Furthermore, it is 

possible to use more than one camera to achieve high performance in video surveillance. Live data makes 

the processing of data difficult in real time. However, the delayed results raise questions about the 

effectiveness of these systems. Most machine learning models are not lightweight, especially those which 

rely heavily on large datasets. As discussed earlier, the deep learning-based models perform exceptionally 

well with huge training datasets (big data). Therefore, these models require a lot of time for training and 

optimization of the best solution. Furthermore, efforts to make these systems lightweight often affect 

performance. However, a large volume of input data, especially for computer vision-based systems like 

surveillance systems, needs a high-end computational machine to process it. These machines usually 

require GPUs to process images or video streams efficiently. Therefore, it is difficult to process these 

models on the simple or handheld machines that are currently being used in smart solutions. 

Transfer learning is a technique that targets the improvement of learning for a specific domain, known 

as the “target domain,” and uses data for training acquired from other similar domains. It is usually used 

to improve model learning with a limited size of available data while using data from different similar 

domains. It can use the data from different individual source domains or combine these domains using 

adaptive machine learning techniques. This technique can handle problems like noisy data, limited data, 

and class imbalance issues. This can also prove helpful for industrial solutions where datasets from one 

industry or domain can be used in another to improve performance. As transfer learning learns from a 

source domain and transfers knowledge to a different (target) domain, it can handle data heterogeneity 

challenges. The ability to transfer instances between a source and a target domain makes it possible to 

handle noisy data and data uncertainty. For these reasons, transfer learning can provide a better solution 

for handling limited and diverse datasets. 

 

3.4 Adversarial Attacks 

 

The recent advances in deep learning have been very useful in different domains, and especially in 

computer vision. CNN was specifically designed for computer vision tasks to avoid handcrafted feature 

extraction and learning. However, these deep learning models have recently proved vulnerable to 

adversarial attacks in which the input image is manipulated in such a way that the attacker’s desired 

output class can be achieved. The changes made to images can be performed using methods that are so 

sophisticated that they cannot be judged even by the human eye. Thus, the weakness of deep learning 

models has been badly exposed by adversarial attacks, and can prove severe to computer vision-based 

systems, especially for security or surveillance systems. Recently, researchers have been able to design 

algorithms that can fool deep learning models by making minimum changes to the input image. 

Researchers are now designing different adversarial attacks and their corresponding defenses. As such, 

there is a strong need to design more efficient methods that can help deep learning models to overcome 

this vulnerability.  

 

4. Real-Time Coastal Container Casting Recognition: A Case Study  

 
In industries, data quality is often compromised due to the nature of environments, e.g., the presence 

of steam, smoke, fog, or dust, resulting in hazy visual data. This kind of hazy data reduces the visibility 

of regions of interest, directly impacting the efficiency of AI-driven automation systems. In this case 

study, a comparison is performed between pre-processed and processed data in detecting the coastal crane 

corner detection for automatic loading and unloading tasks [43], as shown in Fig. 3. 

Dehazing is performed on the input data stream as a pre-processing step to remove the effect of fog, 

mist, dust, or smoke, enhancing the visibility of objects in captured scenes. Since industrial processes 
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require real-time processing, a lightweight pre-processing method is vital. Anything computationally 

complex could hinder the real-time ability of coastal crane coasting recognition. The proposed dehaze 

models formulate a hazy image as follows: 

 
Fig. 3. Overall view of the container corner casting recognition framework. 

 

 

𝐼𝐻𝑎𝑧𝑒(𝑥) =  𝐼𝐷𝑒ℎ𝑎𝑧𝑒(𝑥) + 𝐴(1 − 𝑇(𝑥))          (1) 

 

where 𝐼𝐻𝑎𝑧𝑒 , 𝐼𝐷𝑒ℎ𝑎𝑧𝑒, 𝐴, 𝑎𝑛𝑑 𝑇 represent the hazy image, dehaze image, atmospheric light, and medium 

transmission map, respectively. Commonly, atmospheric light and transmission maps are estimated 

individually from a hazy image. However, this separate estimation of the A and T values makes the 

overall dehaze method computationally heavy, ultimately hindering its ability to be deployed in industrial 

systems.  

In this context, a CNN-driven dehaze is employed to compute 𝐷𝑒ℎ𝑎𝑧𝑒(𝑥), the atmospheric light and 

medium transmission in a faster way as given below. 

 

𝐼𝐷𝑒ℎ𝑎𝑧𝑒(𝑥) =
1

𝑇(𝑥)
𝐼𝐻𝑎𝑧𝑒(𝑥) − 𝐴

1

𝑇(𝑥)
+ 𝐴          (2) 

 

𝐷𝑒ℎ𝑎𝑧𝑒(𝑥) =
1

𝑇(𝑥)
(𝐼𝐻𝑎𝑧𝑒(𝑥)−𝐴)+(𝐴−𝑏)

𝐼𝐻𝑎𝑧𝑒(𝑥)−1
           (3) 

 

Here, b is the bias term with the default constant value 1. The CNN architecture with three 

concatenation layers is used to compute the dehaze [35, 44]. Equation (4) represents the overall 

framework used to extract features for the estimation of atmospheric light and the medium transmission 

map. 

𝑦 = 𝜎(𝑥𝑖∗𝜔𝑖 + 𝑏𝑖)                   (4) 

 

Filters of various sizes were used to efficiently reconstruct the dehaze image, minimizing color 

distortions. Finally, the image is reconstructed using Equation (5). 
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𝐼𝐷𝑒ℎ𝑎𝑧𝑒(𝑥) = 𝐷𝑒ℎ𝑎𝑧𝑒(𝑥)𝐼𝐻𝑎𝑧𝑒(𝑥) − 𝐷𝑒ℎ𝑎𝑧𝑒(𝑥) + 𝑏      (5) 
 

This lightweight dehaze method can be utilized as a preprocessing step in any given visual analytics 

task. In this case study, it was used in the pre-processing of visual data streams captured by the crane 

automation system. After pre-processing the input data streams, dehaze images were passed to the corner 

recognition module [44]. Crane corner recognition is built on deep learning technology. The proposed 

deep model can encode visual data into 15×20 patches of total dimension 1024 GoogLeNet features. This 

is complemented with 300 LSTM decoder units, which facilitate accurate regression of the boundary box 

locations/regions. It was observed that this corner recognition method works in real time and has the 

capacity to process 25–30 frames per second to detect corner boundaries. However, its performance 

varies with the quality of input data. Visual data with poor visibility significantly degrade the accuracy 

of corner detection. However, by employing dehaze as a pre-processing module, the same corner 

detection method gives a higher degree of accuracy. 

In this case study, a dataset of twenty videos was used to train the Dehaze model and the corner cast 

recognition model. This dataset was collected from the real environment. These training videos are 

diverse in nature, consisting of visual captured images under rainy, snow, fog, smoke, sunset, night, and 

dawn conditions. Instead of processing four data streams for each of the four corners of the crane, they 

were merged into one stream, thus making the proposed system a real-time one. On average the 

computational complexity of the dehaze and corner recognition deep models is 25–30 frames per second, 

where each frame is of dimension 1024×1014. A comparative analysis of corner cost recognition with 

and without haze is shown in Fig. 4. 
 

 
Fig. 4. Comparative analysis of container corner casting recognition on hazy and dehazed  

visual data streams: (a) sample input hazy images, (b) reconstructed de-hazed images,  

(c) red bounding box locating corner recognition on hazy and (d) dehazed images. 
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It has been observed that the segmentation of the proposed corner detection methods improves 

significantly when dehaze is applied as a preprocessing step. Real-time and accuracy are the two vital 

parameters for any computer-aided automation system. Traditional machine learning techniques are 

lightweight but vulnerable to any noisy data. Thus, these machine learning methods attracted little interest 

or appreciation in the industry. The recent advancements in deep learning technology offer a degree of 

accuracy suitable to industry requirements. Although these deep models are robust, their great 

computational complexity is a big hurdle for their adaptation in the industry. For the purposes of this 

study, a robust and lightweight model was developed so as to be deployable in the real environment. Fig. 

5 illustrates the difference in accuracy of the proposed method when applied to raw and pre-processed 

data. 

 

 

 
Fig. 5. Comparative analysis of container corner casting recognition in terms of  

the F-measure on hazy and dehazed visual data on a dataset of 20 videos. 

 

The comparative analysis (Table 2) shows the superiority of the proposed method. The proposed 

method, which is compared in terms of precision, recall, and F-measure, proved to be better than semantic 

segmentation [45], normalized cut segmentation [46], and saliency-driven normalized cut segmentation 

[47]. The programming environment consists of Python with a PyTorch framework on an Intel Core i5-

6600 processor, an 8 GB memory, and a NVIDIA GeForce GTX 1060 GPU. It has been observed that 

the overall time complexity of both the dehaze and corner recognition modules is within 25 frames per 

second, making it feasible for real-time video analytics tasks. |The average time for dehazing on 800 

synthetic hazy images [30] and 20 videos from coastal crane surpasses the existing state-of-the-art dehaze 

methods. Despite other slower MATLAB implementations, it is fair to compare DehazeNet (Pycaffe 

version), AOD-Net, and the proposed method. The results illustrate the promising efficiency of the 

proposed method, which is twelve times faster than DehazeNet and twice as fast as AOD-Net per image. 

 

Table 2. Comparative analysis with state-of-the-art methods 

Category 
Normalized cut 

segmentation [46] 

Saliency-driven normalized 

cut segmentation [47] 

Semantic 

segmentation [45] 
Proposed method 

Precision 0.47 0.48 0.77 0.94 

Recall 0.51 0.53 0.80 0.95 

F-Measure 0.48 0.50 0.78 0.94 
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5. Conclusion and Future Work 
 

Industrial advances have seen immense growth in recent decades. Technological advances have 

contributed to this paradigm shift for the Fourth Industrial Revolution. This study focuses on factors that 

contribute to the performance of industrial processes for the smooth functioning of industries, ultimately 

improving the country’s economy. The role of artificial intelligence is discussed generally, while that of 

deep learning is discussed specifically. Deep learning has changed the dynamics of industries by 

providing architectures that can self-learn from available big data and perform extraordinarily well. These 

efficient systems are now being widely used in industrial automation and fault diagnostic systems. 

However, there are several problems faced by deep learning, such as the limited availability of annotated 

data, the lack of big data, the computational complexity of deep models, and adversarial attacks. As such, 

this paper discusses some of the major challenges faced by deep learning and provides some 

recommendations.  

The paper presents a case study of a crane automation system built to handle dehaze and corner casting 

recognition. The presented algorithm is a real-time preprocessing technique that can handle noisy data 

under extreme weather conditions such as heavy rain or snow, nighttime conditions and, more 

specifically, hazy images. The proposed corner casting recognition used RNN with LSTM architecture. 

Expressive image features from GoogLeNet were used to produce intermediate image representations 

that were further tuned for our system. This converted intermediate image representation to predict the 

corner castings. The LSTM acted as a controller to pass information to the decoding steps and to 

ultimately control the output. The proposed case study system used back-propagation to allow the joint 

tuning of all components. 

Deep learning has become a major priority of computer vision researchers and developers working in 

the field of image recognition, going far beyond tagging pictures in social media to such uses as 

autonomous driving, quality control in manufacturing, and medical imaging. However, data scientists 

must overcome numerous challenges before deep learning can be widely adopted by industry. Finding 

and processing the massive datasets for training is a basic challenge initially. While this is not a problem 

for consumer applications where large amounts of data are easily available, plentiful amounts of training 

data are rarely available in most industrial applications. Another challenge faced by this technology is 

the large number of interconnected neurons that capture subtle nuances and variations in data. However, 

this also means that it is hard to identify hyperparameters whose values need to be fixed before training. 

There is also the danger of overfitting data, especially when the number of parameters greatly exceeds 

the number of independent observations. Moreover, deep learning networks require a lot of time for 

training, thereby making it very hard to quickly retrain models on the edge using newly available 

information. Currently, it is difficult to understand how deep learning networks arrive at insights. While 

this may not be that important in such applications as tagging photos on social media, understanding the 

decision-making process becomes very important in mission-critical applications like predictive 

maintenance or clinical decision-making. Finally, deep-learning networks are highly susceptible to the 

butterfly effect in that small variations in input data can lead to drastically different results, making them 

inherently unstable. This instability is also opening up new attack surfaces for hackers. Deep learning is 

also highly vulnerable to adversarial attacks, and often finds it difficult to differentiate between original 

and manipulated fake images. Therefore, there is a strong need to handle this issue in order to make the 

use of deep learning safe and secure. 
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