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Abstract: Fire safety inspections are essential to ensure the safety of occupants during a fire outbreak.

These inspections involve checking various items, such as fire safety equipment (FSE), to ensure

they are unobstructed and fully functional. Recent research has highlighted the potential of machine

learning and computer vision in automating and enhancing fire safety inspection processes using

image analysis. However, identifying obstacles or potential obstructions in front of fire extinguishers

effectively remains a challenge. The research focuses on reviewing documented images to identify

instances where extinguishers are obstructed, either partially or fully. This study proposes a novel

approach to address this challenge by combining modal and amodal instance segmentation models

to evaluate the level of obstruction. One conducts classical (modal) instance segmentation of visible

fire extinguisher parts, while the other performs amodal segmentation. Additionally, the annotation

and dataset creation for amodal segmentation tasks is addressed. The study generates obstacles on

images from both open-source and self-created datasets containing (unblocked) fire extinguishers.

This approach requires only one modal annotation iteration to generate modal and amodal annotation

data. Results demonstrate the effectiveness of the proposed approach in detecting covered or partially

blocked extinguishers. Future research aims to refine amodal mask results and extend the approach

to other FSE components, further enhancing fire safety inspection processes.
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1 Introduction

Preventive fire protection is an essential component of construction and building management. Its

main goal is to prevent fires and, in the event of a fire, to minimize the spread of fire and smoke to

protect people and property. This begins in the planning phase, where the selection of appropriate

materials and designs reduces the risk of fire. In building management and maintenance, preventive

fire protection includes regular maintenance and inspections of fire safety equipment (FSE) — such

as fire extinguishers — as well as training for residents and staff. Due to its importance, preventive
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fire protection and especially the fire safety inspections, which include inspection and maintenance of

FSE, are mandatory in every building [1].

Fire safety inspections are essential to ensure the functionality and the visibility of FSE in case of a fire

and therefore to ensure the security of occupants in the building. However, especially the inspection

is a time consuming task. During a typical on-site fire safety inspection, a fire safety manager walks

through the building while processing a checklist (e.g. [2]). Most of the inspection tasks are done

by physical or visual review manually conducted by the fire safety manager. The inspections results

are written down by hand or manually maintained with software support. In addition to the time

consumption, this approach is prone to errors.

A crucial aspect of the inspection is to check whether FSE is blocked. As the fire safety manager often

documents his inspection with images of the inspected FSE, the use of Artificial Intelligence (AI) to

perform inspections based on these images is the most obvious approach. Computer vision methods

can be used to inspect FSE on these images and detect blocked ones. Previous work from [3], can

inspect simple FSE using visual object detection to detect obstacles in front of FSE. However, this

approach has a limited amount of obstacles that could be detected, as each obstacle require training

data to be detected as an individual class. As it is unrealistic to consider every possible obstacle as a

single class, further work is required to enable the inspection of more complex objects.

In this paper, we want to improve the inspection and detection rate of fire extinguishers and be able to

estimate blocked FSE behind any obstacle using trained (amodal) segmentation models, even if only

a small part of the asset is visible.

2 Related Background

2.1 Digitalization of FSE inspections

Due to the huge potential of automation, there is a lot of research going on to support during FSE

inspections [4]–[8], as well as to increase the level of automation in the context of preventive fire

protection in general [9], [10]. Due to the fact that the use of visual object recognition enables

immediate deployment in existing and new buildings, computer vision methods are a widely used

approach. Oh et al. [8] create an approach to use object recognition on augmented reality glasses

to support the fire prevention officer during the fire safety inspection or even allow general public to

contribute to the fire safety inspection. Similar to that approach, Bayer and Aziz [4] as well as Corneli

et al. [6] enable and evaluate real-time detection of different FSE inside buildings, while Kumar et

al. [7] detect FSE at construction sites. More enhanced approaches, as from Alayed et al. [5] or

previous work from us [3], use the detection of FSE to perform actual inspections. Alayed et al. [5] are

inspecting fire extinguishers using object detection to classify if a certain inspection criteria is met. In

[3], object detection is used to detect FSE and obstacles to identify obstacles that block FSE.

2.2 Amodal Object Detection

Recent work in computer vision aims to develop a new computer vision technique besides classification,

detection with bounding boxes and classical instance segmentation: Amodal segmentation [11], [12].
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Classification, as the simplest task, aims to classify a whole image to predefined classes. Object

detection with bounding boxes, aims to identify and locate objects in images using bounding boxes.

Among others, R-CNN [13], the You Only Look Once (YOLO) [14] architecture series with YOLOv8

[15] as a current state of the art version, are capable of both tasks. Classical instance segmentation,

hereafter referred to as modal segmentation, aims to not only locate the object but identifies each pixel

belonging to the object. Exemplarily, Mask R-CNN [16] and YOLOv8 [15] are modal segmentation

approaches. The difference from modal to amodal segmentation is visualized in Figure 1. While

modal segmentation aims to identify the visible part of an instance (visible on the right), an amodal

segmentation aims to identify both the visible and the occluded parts of an instance (visible on the

left). [11], [17]

Figure 1: Amodal segmentation annotation (left, blue) and (well known) modal segmentation annotation

(right, green). In the modal segmentation the mask is split up in two parts.

While this might be an solvable task to a human [18], the computational amodal segmentation is still

subject of current research [12], [19], [20]. A lot of different approaches are studied in this context.

The method from Li and Malik [11] uses R-CNN [13] modal segmentation results as a basis to perform

a bounding box expansion. SharpMask [21] is an Convolutional Network [22], specially for amodal

segmentation. In contrast to that, some approaches just use state of the art modal segmentation

solutions with new training data [12].

3 Methodology

Since amodal segmentation is still subject of current research and — to the best of our knowledge —

there is no state-of-the-art amodal segmentation solution available, we use a straight forward approach

and create amodal training data to train YOLOv8 [15] modal segmentation models as amodal ones.

3.1 Amodal Annotation

The creation of amodal segmentation data is challenging, as the generation of annotations is com-

plicated. In contrast to modal segmentation, where the modal segmentation mask can be definitely

determined by humans based on images, parts of the amodal mask are invisible (see Figure 1).

Therefore, these human annotations are inaccurate and might not be the ground truth [11].

For this reason, we collect images with completely visible fire extinguishers, create modal annotations

and generate artificial obstacles. Subsequently, the previously modal annotation can be used as

amodal annotation, as the fire extinguisher was completely visible before. The new modal annotation
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can be calculated by calculating the difference between the fire extinguisher and the artificially

generated obstacles. No manual amodal annotation is required and the amodal annotation definitely

represents the ground truth.

Figure 2: Generated artificial obstacles. Type 1 (monochrome simple shapes) on the left and Type 2

(rectangles, filled with patterns) on the right.

We generated two different types of obstacles, exemplarily seen in Figure 2. The first type are different

simple geometric shapes in the average pixel colour value of the image (Type 1). The second obstacle

type are rectangles, filled with different patterns (Type 2).

3.2 Data

To start the amodal annotation mentioned before, data from various sources is collected. More

precisely, out of 888 different images, 388 are real world images, mostly self-made in a mixture of

buildings in Germany (primarily university related buildings and fire stations) and from the FireNet

dataset from University College in London [23]. The remaining 500 images are synthetically created.

Based on these original images (without obstacles), three different amodal datasets are generated.

876 images with Type 1 obstacles and 862 images with Type 2 obstacles are generated. The resulting

datasets are listed in Table 1. According to Subsection 3.1, each dataset contains two labels, one with

modal annotation and one with amodal annotations.

Table 1: Overview about created amodal datasets.

Dataset name Contained obstacles Total Image amount

Shape Obstacles Type1, original 1764

Pattern Obstacles Type2, original 1750

Shape and Pattern Obstacles Type1, Type2, original 2626

3.3 YOLOv8 Training

Each of the created datasets from Table 1 is used to train two different YOLOv8 [15] segmentation

models. For this purpose, the datasets are separated in 70% training (train), 20% validation (val) and
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10% test (test) data. In a first iteration, the modal (classic) annotations are used to train YOLOv8 [15]

models for modal instance segmentation. The second training iteration uses the amodal annotations

in the same YOLOv8 training setup, aiming to create an YOLOv8 amodal segmentation model. All

trainings are performed on 6 NVIDIA A100-SXM4-40GB GPUs with the same setup. The used

YOLOv8 parameters 1 are IMGSZ set to 640, BATCH set to 72 and PATIENCE set to 50. All other

parameters are default values. The PATIENCE parameter allows to terminate training if no progress is

made in 50 epochs. Table 2 list the effective training epochs of the trained YOLOv8 models and the

short names of the models.

Table 2: Effective training epochs of the different YOLOv8 models.

Model Training Epochs

Shape Amodal (SA) 352

Shape Modal (SM) 414

Pattern Amodal (PA) 416

Pattern Modal (PM) 282

Shape Pattern Amodal (SPA) 345

Shape Pattern Modal (SPM) 492

4 Evaluation

Subsequently, the trained models are evaluated. As evaluation metric the mean Intersection over

Union (mIoU), which is the average IoU over all images, is used. If the mask of a fire extinguisher was

divided by an obstacle, the two resulting modal segmentations are considered together as one when

calculating the IoU. In addition to the evaluation, the occlusion rate is calculated. The occlusion rate

indicates how much of an extinguisher (the amodal segmentation) is hidden (missing in the modal

segmentation). We suggest a threshold of 0.05 for considering the fire extinguisher as blocked, but

further work is required here. The detailed evaluation results and exemplarily detection results can be

found in Table 3. The modal models (SM, PM, SPM) show good results. Reviewing the amodal models

(SA, PA, SPA), the PA and SPA model perform better than the SA model (only Type 1 obstacles),

clearly visible when reviewing Example 2. In total, it definitely points out, that the amodal segmentation

of fire extinguishers performs surprisingly good.

5 Conclusion

The paper presents a promising approach to improve the automation of FSE inspections, using amodal

segmentation. The straight forward approach to train YOLOv8 models — which originally perform

modal segmentations — with amodal training data works amazingly well. The amodal annotation

strategy ensures that annotations present the ground truth. Future work aims to integrate the models

in an inspection tool (as proposed in [3]) to further support the fire safety manager by detecting blocked

FSE regardless of the blocking object. It could be extended to multiple different FSE or other inspection

tasks, possibly in combination with mobile robots as in [24].

1All parameters can be found here: https://docs.ultralytics.com/modes/train
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Furthermore, the amodal segmentation approach, as well as the amodal annotation strategy, can be

used to detect and predict hidden parts of objects in multiple different areas, not only in building an

construction industry, as amodal segmentation is a current research topic.
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