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SUMMARY

This study presents a novel approach for ship fire assessment using a custom hybrid model and tailored image processing. The model utilizes auto-adaptive edge and colour detection algorithms to identify various fire features, including flames, smoke, and fire extent. It contributes significantly to firefighting research, particularly in ship fire detection, offering potential for early intervention in dynamic marine environments. Validation with the Carnival Freedom cruise ship fire confirms the model’s practicality. In summary, this study showcases the hybrid model’s effectiveness in fire analysis and firefighting performance evaluation, paving the way for further research in diverse scenarios. The insights gained are relevant for fire monitoring and evaluation in various contexts, encouraging future investigations into the model’s adaptability and efficient fire extinguishment strategies, enhancing fire safety and management.
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1. INTRODUCTION

The emergence of accidents and hazards as central elements of safety considerations signifies a pivotal shift in the priorities of the shipping industry. Surveys have shown that these accidents and hazards include collision, capsizing, foundering, grounding, stranding, machinery-hull damage, fire, and explosion [1–3]. Moreover, operations such as cargo handling, tank inspection, gas-freeing, tank cleaning, and tank purging, along with failures related to mechanical, human, instrumental, and service aspects, other external events, and upset process conditions are associated with an increased risk of accidents and hazards in the ship environment [2, 4, 5]. It has previously been observed that ship and cargo fires are among the most important factors when all hazardous events are considered. For example, fire events are second on the claim list [6] and first in crew fatalities [1]. Regarding the percentage of accident types, 7% of them refer to fire accidents [7]. A study analysing the casualty data of 501 bulk carriers between 1980 and 2010 concluded that 19% of events were related to fire and explosions [8]. This was corroborated by a study, which reported a figure of 6.78% for all types of ships according to datasets from 1990 to 2016 [9].

The scope of the threat is further magnified when considering the diversity of cargo carried by ships. The varied nature of cargo, spanning dry, liquid, and solid forms, coupled with the presence of highly flammable and explosive substances, poses an exacerbated risk, particularly in fire events [10]. The rapid propagation and extensive burning rate of hazardous goods such as Liquefied Petroleum Gas (LPG) and Liquefied Natural Gas (LNG) can escalate fires, leading to uncontrollable and explosive events, thereby rendering sections or entire ships vulnerable [11]. Moreover, it is imperative to note that the ramifications of a fire on a ship extend beyond the immediate vessel, crew, and cargo. Given that ships traverse the globe and frequently dock at ports and terminals to load or unload cargo, a fire and subsequent explosion, depending on the nature of the cargo, have the potential to inflict catastrophic damage, potentially devastating entire cities. A harrowing illustration of this is the incident involving MV Rhosus in November 2013, which docked in Beirut with a cargo of ammonium nitrate. The cargo was offloaded and stored at the port, ultimately leading to a devastating blast comparable to other tragic events in Tianjin, China, in 2015, and Texas City, United States, in 1947, leaving behind a devastated city and a shocked world [12]. This underscores the magnified scope of threat due to the different cargo categories carried by ships. The varied nature of cargo, spanning dry, liquid, and solid forms, coupled with the presence of highly flammable and explosive substances, intensifies the risk, particularly in fire events [10]. In light of these challenges, a myriad of studies has emerged, focusing on various factors associated with ship accidents, hazards, damages, losses, and fatalities. A pivotal dimension of this multifarious challenge is the timely intervention in the event of a fire. Research underscores the crucial impact of timely action, elucidating how a delay of just ten minutes can incur costs around $200,000, which can exponentially rise to $2,000,000 with a delay of twenty minutes [13]. The necessity for timely intervention, as well as the adequacy and effective utilization of firefighting equipment, becomes paramount. The International Maritime Organization (IMO) has instituted the International Fire Safety Systems (FSS) code, setting forth regulations pertaining to extinguishing equipment and fire detection and alarm systems [14].

Despite the presence of regulatory frameworks and a wealth of studies on fire behaviour analysis and detection, a noticeable gap persists in formulating an integrated mechanism for both determining and understanding fire behaviour in dynamic environments. This paper seeks to address this gap by exploring innovative methodologies for continuous fire monitoring and evaluation in the maritime context. Through the integration of image processing algorithms, this study aims to develop a comprehensive model, enabling decision-makers to effectively evaluate ship fire extinguishing operations. Delving into the intricate interplay of various factors contributing to fire incidents and assessing the efficacy of existing measures, this research aspires to contribute to the ongoing discourse on enhancing maritime safety. The development of a model capable of continuous monitoring and evaluation epitomises the synthesis of technology and safety protocols, heralding a more secure and safer maritime future.

2. LITERATURE REVIEW

Maritime fire safety is an evolving field, with increasing attention directed towards key aspects such as fire detection, firefighting capacity, and the evaluation of fire behaviour. Core developments in this area stem from the growing reliance on image and video-based approaches for early detection. Recent studies have demonstrated the effectiveness of automatic fire detection in video imagery by exploiting temporal variations in flame intensity, enabling more accurate differentiation between fire and non-fire patterns [15]. Furthermore, the integration of technologies that analyse pixel-level fire dynamics and spatial propagation has become crucial for timely hazard recognition [16].

Video-based smoke detection, long considered a cost-effective solution in expansive or enclosed environments, has also undergone notable advancements. Earlier contributions utilised techniques such as histogram sequences of pyramids and neural network classifiers [17], whereas more recent studies have applied deep-learning-based object detection models, particularly YOLO-derived architectures, to ship fire datasets, achieving substantial gains in detection accuracy and real-time applicability [18, 19]. These developments have shown resilience to rotation, occlusion, and lighting fluctuations, making them suitable for near real-time deployment [20]. In parallel, automatic fire identification through AI-driven computer vision and Convolutional Neural Networks (CNNs) has been widely explored [21]. Transfer learning and incremental adaptation techniques, including Learning without Forgetting (LwF), have proven particularly effective in preserving classification accuracy across evolving datasets [22]. Building on these developments, transformer-based frameworks tailored for smoke detection have also been introduced, integrating attention mechanisms and optimised convolutional strategies to enhance feature learning under constrained computational settings [23].

On the firefighting front, the literature highlights the critical role of adaptive and context-aware protection systems, emphasising the need to understand fire dynamics for improved operational efficiency [24, 25, 26]. Regulatory frameworks such as SOLAS 74 have shaped onboard preparedness by mandating equipment ranging from CO₂ systems to emergency generators, monitors, hoses, and pump rooms [27]. Correspondingly, the selection and installation of fixed extinguishing systems are tailored according to compartment characteristics, material composition, and fire type [28]. Recent studies further note the growing relevance of integrated suppression and monitoring systems capable of interfacing with onboard sensors and surveillance data [29]. 

Understanding and predicting fire behaviour demands attention to complex interactions involving fluid flow, combustion chemistry, ambient conditions, and material response. The rapid development of Floating LNG (FLNG) facilities has underscored the extent of fire-related risks in highly congested marine environments, prompting calls for more sophisticated predictive modelling approaches [30]. Although leading tools such as Fire Dynamics Simulator (FDS) and Computational Fluid Dynamics (CFD) remain central to research, their high computational demands and limited scalability highlight the need for hybrid or data-driven alternatives tailored to larger maritime domains [16, 31]. Foundational frameworks categorising fire development into progressive stages have contributed to structured evaluation methodologies [32], while innovative techniques, such as auto-adaptive edge detection and algorithmic comparisons, continue to refine detection efficiency [33].

Complementary strategies integrating RGB colour models [34] and the Structural Similarity Index [35] have broadened the analytical scope of visual fire assessment, enabling greater adaptability across varied operational scenarios. In addition to pixel-level analysis and temporal feature tracking explored in earlier video-based approaches, newer frameworks have begun to incorporate contextual cues and spatial pattern interpretation to improve distinction between combustion signatures and background artefacts [36]. Building on these foundations, hybrid vision-based models that fuse behavioural interpretation with flame–smoke segmentation have demonstrated promising outcomes [37, 38]. These developments are further supported by applications that embed attention mechanisms and region-focused optimisation within detection pipelines, allowing systems to accommodate variations in geometry, airflow and visual obstruction [39]. Parallel advances in multimodal sensing, combining thermal imaging, acoustic alert mechanisms and drone-assisted surveillance with vision-based algorithms, have strengthened situational awareness and automated decision support across maritime settings [40]. Such integrations also lay the groundwork for scalable architectures capable of deployment under constrained computational resources and complex environmental conditions [41, 42].

The ongoing progression of maritime fire safety is underpinned by advancements in visual data processing, computational modelling and behavioural interpretation. Developments in image-based fire and smoke detection, supported by adaptive algorithms and deep-learning frameworks, continue to expand the operational possibilities for early intervention and situational awareness. Parallel innovations in fire behaviour analysis, predictive modelling and assessment methodologies have contributed to a more integrated understanding of combustion dynamics in enclosed and complex environments such as ships. At the same time, regulatory expectations, system design considerations and the practical demands of shipboard operations underscore the importance of linking technological solutions with real-world applicability. Collectively, the literature demonstrates a gradual shift towards hybrid and data-informed approaches that combine detection, monitoring and interpretive assessment, reflecting the need for resilient and scalable strategies tailored to maritime contexts.

3. MATERIALS AND METHODS

In this study, the primary objective is to establish a comprehensive hybrid fire monitoring and control model to investigate the nuanced behaviours of fire, leveraging various image processing algorithms. The methodology integrates determining fire regions and analysing fire behaviour, starting with the extraction of data sets from fire images using prevalent edge detection methods such as Sobel, Prewitt, Roberts, Canny, and Laplacian. Given the limitations associated with these conventional methods, the study adopts an auto-adaptive edge detection algorithm as proposed [33]. Furthermore, to analyse fire behaviour, the study draws on the categorised fire development stages, correlating temperature with different fire stages and using colour indicators for smoke and flames [32]. The RGB colour model and Structural Similarity Index (SSIM), using the scikit-image library in Python, are implemented for detailed image analysis. The process continues iteratively, evaluating fire behaviour in various scenarios until the fire is fully extinguished. The study ensures accuracy by addressing potential misinterpretations due to background colours, analysing motion features of fire flames, and comparing results with established fire behaviour theories and models. The integrated function of these methodological stages underpins the structural logic of the proposed framework. The overall architecture is illustrated in Figure 1, which outlines the operational sequence from noise reduction and edge refinement to colour-based analysis and behavioural interpretation. The framework progresses through preprocessing of visual data, adaptive contour detection, chromatic estimation of flames, and smoke characterisation. It then transitions to iterative assessment steps that inform decisions regarding extinguishing capacity and tactical intervention. By presenting this process as a connected flow, Figure 1 clarifies how each analytical stage contributes to the evaluation and control of fire development.

3.1 DETERMINING FIRE REGION WITH AUTO ADAPTIVE EDGE DETECTION ALGORITHM

Initiating a new paradigm in fire detection, an auto-adaptive edge detection algorithm entails a systematic six-step procedure. 

• Determine the grey level of fire image:

In the first step, the grey level of fire image is determined respectively with the probability of a pixel grey level (see, Equation 3.1), cumulative distribution function (CDF) (see, Equation 3.2) and a transformation form of y=T(x) to reproduce new image (y) (see, Equation 3.3 and Equation 3.4) where a discrete greyscale image is x, the number of grey level of i is , total number of grey levels of image is L and the histogram of pixels with i is .
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• Adjust the image to reduce noise:

The noises in images impact negatively upon a range of edge detection approaches. However, in their major study, a Gaussian filter is recommended, as illustrated in Table 1, to reduce image noise in the second step of the suggested model [28].
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• Find the edges with Sobel operator:

In the third step, the Sobel operator used to identify edges in fire image involved 3*3 masks for measurement gradients in both x and y directions as given in Equation 3.5 [34]:
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• Apply to high and low threshold values for improving results:

In the image process, computing results of gradients could be useful in evaluating whether there is an edge or not. To improve results for false interpretation related to definition of edges, it is applied to two main reference points i.e., high threshold (TH), and low threshold (TL). If there is a discrete edge, the grandeur of gradients is above the TH. Moreover, in the values between TH and TL, it is expected to find a path from a pixel to another one to determine another edge and the grandeur of gradients should be above TL. If the obtained results indicate the value lower than TL, that is not an edge in terms of Sobel operator.

• Define the preliminary edges and throw improper ones by considering original edges:

To limit the total number of edges, another threshold TE is used. It is set to automatic adjustment when the number of edge pixels surpass the TE. In this instance, a preliminary edge image (PEI) is produced from original fire image.

• Select the likeliest final edges:

A random sample of edge point is recruited from PEI to define the likeliest final edges. This randomly selected point is appointed as the centre of a 3 * 3 area and the locations of six neighbouring edge pixels in this matrix are stored. In the selection of the likeliest final edges, three fundamental indicators are considered: there are/is a) no neighbouring pixel, b) one neighbouring pixel, and c) two or more than two neighbouring pixels. In the first one, the selected point called as isolated point which is used in directly defining final edge. In the second one, this neighbouring pixel is the endpoint that is the new centre of 3 * 3 research area. After that, the conjunction points are controlled to be sure about all points have been considered as centre. Since all conjunction points are searched, the temporary edge image is created. To clearly identify final edge, the lengths of any two endpoints of temporary edge image are measured and then the longest is selected. In third one, the selected point is defined as a normal transition point. In this circumstance, one of neighbouring point is assigned as new centre of 3 * 3 research area and all process is restarted to define final edge.

3.2 ANALYSING FIRE BEHAVIOUR WITH RGB COLOUR MODEL AND STRUCTURAL SIMILARITY INDEX (SSIM)

The temperature in a fire environment is a good indicator for determining the involved fire development stages previously described [32]. Specifically, the researchers applied these stages as reference point for each fire category while moving from one level to the next. Thus far, several studies revealed a correlation between time and temperature from incipient to fully developed fire stages [44]. In addition to time base temperature estimation, the temperature could be also approximately determined according to smoke and flame colour in fire environment. In the fire smoke, the colour of smoke is blackish around of the fire centre and lighter in the more distant regions [45]. Despite its common usage in interpretation fire centre, the black and grey smoke could be also interpreted respectively for growing probability and slowing down of fire. In the fire flame, three fundamental colour segments i.e., red, orange, and white and their mid-tones such as Table 2 are used to describe fire behaviour based on flame colour and temperature in fire environment relationship. Prior to undertaking indicators for fire behaviour, the colours can be symbolised with RGB (red, green, blue) colour model for both smoke and flame [46]. For instance, the grey smoke consists of equal number of red, green, and blue colours, and RGB value of grey smoke is computed with Equation 3.6 for different tonnes of grey colour from dark to light:
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where each of R, G, B is defined with [0, 255] interval values [47].

Since the same procedure with Equation 3.6 is applied to all colour clues in fire environment, the fire behaviour for both smoke and flame including three main circumstances, these are (a) fire continue but slow down, (b) fire expanding and (c) fire extinguishing, can be estimated. This process is repeated at regular intervals until the fire is completely extinguished. Extensive research has shown that the background colour of images can be interpreted like the fire flame when it is same colour with fire flame. To overcome this undesirable situation, the motion features such as movement, growing rate and oscillation of fire flame are utilised to clear the illusion by comparing with earlier analysis results [49] based on computer vision applications. For this purpose, SSIM is employed by using scikit-image library in python. SSIM approach extinguishes combination of three different features of images, i.e., luminance, contrast, and structure to compare one image with another one based on Equation 3.7 [50].
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for

c1=(k1l)2 where l is the dynamic range of the pixel values and k1≤1 is small constant,

c2=(k2l)2 where k2≤1 is small constant,

the luminance comparison function is a function of μx and μy where μx=1n∑i=1nxi,

the contrast is a standard deviation which is computed as follows αx=(1n−1∑i=1n(xi−μx)2)12, 

r is the size of luminance change relative to background luminance where μy=(1+r)/μx, 

αxy equals to 1n−1∑i=1n(xi−μx)(yi−μy).

4. RESULTS AND DISCUSSIONS

4.1 DETECTION OF FIRE REGIONS, SMOKE, AND FLAME COLOUR

In this part, three main research parameters were essential: determining the fire region, detecting smoke, and identifying flame colour. The author successfully coded the auto-adaptive edge detection algorithm and validated it with an initial set of 50 randomly selected ship fire and non-fire images sourced from web research. The algorithm successfully identified all fire and non-fire events (Figure 2), demonstrating its efficacy in varied situations.
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4.1(a) Smoke Detection in Ship Fires

Subsequently, these ship fire images were used again to further validate the smoke detection capabilities of the developed algorithm. The procedures outlined in Figure 1 were diligently followed, and preliminary analysis of the results revealed that the algorithm successfully detected smoke in ship fire environments (Figure 3), affirming its adaptability and reliability in different scenarios.
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4.1(b) Flame Colour Detection and Segmentation

For the detection of flame colours—red, orange, white, and their mid-tones—a list of boundaries for each colour in the RGB colour space was defined. The code was tested on the previously selected ship fire images, revealing successful colour segmentation and determination of fire regions (Figure 4). This underpins the versatility of the algorithm in discerning intricate details and varying elements of fire.

4.2 SHIP FIRE BEHAVIOUR ANALYSIS

While the study adeptly detected the presence and status of ship fires, it did not attempt to ascertain whether the fires could be extinguished. Therefore, a consistent tracking of ship fire behaviour was deemed imperative until extinguishment. The author coded a regular control process in Python and tested it using a series of consecutive images captured from a fire video of the Carnival Freedom Cruise Ship in the Grand Turks [51].

The analysis and comparison of the consecutive images provided insight into the fire’s progression and behaviour (Table 3). The first fire image served as a reference point for continuous analysis and for defining fire or non-fire events in a ship environment. The results indicated that the fire area continued to grow until the fourth image when fire monitors were used, leading first to the fire being brought under control and subsequently extinguished by the ship crew members. The results for images four and five corroborated the fire behaviour observed in previous events, thereby validating the developed code’s ability to accurately track and analyse fire behaviour over time. These findings also provide a basis for comparing the present framework with previous approaches proposed in the literature.
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Comparative evaluations with existing vision-based fire detection and assessment approaches demonstrate the relative advantages of the proposed framework. Earlier models presented in [15] and [17] relied primarily on static thresholding or colour segmentation, which limited their adaptability to rapidly changing fire behaviour in enclosed ship environments. In contrast, the algorithmic structure adopted in this study incorporates behavioural estimation, smoke characterisation and iterative assessment, enabling more robust interpretation under fluctuating illumination, motion and background conditions. This distinction underlines the operational relevance of the proposed approach, particularly for maritime applications where environmental variability is a major constraint.

5. CONCLUSIONS

The aim of the present study was to create a nuanced approach to ship fire evaluation through the implementation of a hybrid model, incorporating a tailored image processing approach. This model was adept at identifying various fire characteristics, including flame, smoke, and the extent of the fire area, utilising auto-adaptive edge, and colour detection algorithms in the process. This investigation has made several pivotal contributions to the existing body of firefighting literature, with a specific focus on ship fires. Firstly, the findings underscore the potential for early detection of ship fires based on distinct fire features, allowing for timely intervention before the fire escalates. Secondly, this research offers valuable insights into the evaluation of firefighting performance in dynamic marine environments. The nuanced understanding gained from this study could prove instrumental in categorising different states of fires, such as whether the fire is slowing down, extinguished, or expanding. These findings have nuanced implications; for instance, a fire slowing down indicates that it is under control and the firefighting efforts are likely to succeed, whereas a fire expanding signifies potential inadequacy in firefighting equipment capacity. A case in point is the Carnival Freedom cruise ship fire event. The fire initially exhibited rapid growth until the deployment of the ship’s firefighting equipment and crew, post which it was successfully brought under control and eventually extinguished. When the code developed for the recommended hybrid model was applied to the ship fire video from the Carnival Freedom Cruise Ship event, the findings mirrored the temporal progression of a typical fire event; initial growth, control, and ultimate extinguishment. This congruence with real-time events reaffirms the applicability and reliability of the proposed hybrid model for continuous ship fire evaluation. Furthermore, while the study’s focus was centred on ship fire evaluation and monitoring, the insights garnered are not confined to this context. They hold significant implications for evaluating and monitoring fire behaviour in other settings, such as forest fires and building fires, thereby broadening the potential applicability of the findings. The customised hybrid model also holds significant promise for applications beyond research and operational deployment. The outcomes of this study are also relevant to maritime authorities and classification bodies. The proposed framework can support the revision of fire safety assessment procedures under the IMO and the FSS Code by providing a computational basis for evaluating extinguishing system adequacy. Its adaptation for use in training, auditing and emergency planning could further contribute to regulatory decision-making and operational readiness. Moreover, the model’s transferable structure offers scope for integration into predictive assessment tools and automated surveillance systems in both marine and land-based environments. Advancing the framework through validation in diverse fire scenarios and alignment with decision-support mechanisms could enhance early intervention capacity and strategic risk evaluation. In conclusion, this study has successfully demonstrated the potential of the customised hybrid model in identifying and analysing fire characteristics, providing early detection, and evaluating firefighting performance in dynamic environments. The findings pave the way for further research and applications, not only in the maritime context but also in various other settings where fire monitoring and evaluation are crucial. Nonetheless, future research could explore and expand upon the applicability of this model across diverse fire scenarios and delve deeper into strategies for fire extinguishment.
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