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ABSTRACT

Mobile robots performing aircraft visual inspection play a vital role in the future automated aircraft maintenance, repair
and overhaul (MRO) operations. Autonomous navigation requires understanding the surroundings to automate and
enhance the visual inspection process. The current state of neural network (NN) based obstacle detection and collision
avoidance techniques are suitable for well-structured objects. However, their ability to distinguish between solid obstacles
and low-density moving objects is limited, and their performance degrades in low-light scenarios. Thermal images can
be used to complement the low-light visual image limitations in many applications, including inspections. This work
proposes a Convolutional Neural Network (CNN) fusion architecture that enables the adaptive fusion of visual and
thermographic images. The aim is to enhance autonomous robotic systems’ perception and collision avoidance in dynamic
environments. The model has been tested with RGB and thermographic images acquired in Cranfield’s University hangar,
which hosts a Boeing 737-400 and TUI hangar. The experimental results prove that the fusion-based CNN framework
increases object detection accuracy compared to conventional models.
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1. INTRODUCTION

The increasing potential for autonomous mobile robots (AMR) to achieve intelligent operations has attracted continuous
research interest in different domains like in aviation industry. One of the major application areas is visual aircraft
inspection for capturing aircraft surface defects during maintenance, repairs and Overhaul (MRO) operations in a
hangar environment. The busy hangar environment is inconsistent in structure, with objects of varying shapes, sizes,
colours, and intensities that contribute to difficulties in the robot’s real-time motion control while detecting and
avoiding obstacles in a navigation task. AMR requires high detection accuracy in distinguishing solid and low-density
moving objects for safe navigation in different lighting or environmental conditions. Significant improvement has been
achieved by enhancing the robot’s perception [1], which is heavily dependent on sensing devices and background
information which can be ambiguous.

Thermal and RGB cameras are vision-based sensors used for object detection in autonomous mobile robot navigation
tasks and have different capabilities based on light variations. RGB camera images provide more detailed information in
good light conditions, but shadows and illumination intensity impair performance. On the other hand, thermal images
are good in spotting objects of even small shapes in visually degraded and high-contrast conditions. Still, image
information usually lacks detailed features like colour, which compromises application in different scenes and
situations.
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The fusion of visible and thermal images [2] has been seen to improve the perception of object features in complex
environments and has increased the robustness of the information in object detection and avoidance tasks.

Image fusion-based methods are critical concepts that have been widely developed in the literature to improve the visual
quality of the fused image [3] and enhance object detection in different applications with more accurate information and
clarity. This includes using traditional methods like deep neural network-based approach [4], fuzzy logic [5], multiscale
and sparse representation [6]. These algorithms use a handcrafted feature extraction method to fuse image information,
which is challenging to implement, limited for shallow objects [7] and results in poor-quality image classification.

This research aims to develop an efficient and more robust object detection technique for mobile robots to respond timely
to obstacles and navigate safely in unstructured and dynamic scenarios using deep learning on fused image data. Image-
based fusion for object detection has been widely studied using deep learning and has been applied in different use cases
with a reasonable success rate [8]. Convolutional neural network (CNN) is one of the variants of deep learning models
and is powerful for feature extraction from image data. Recent improvement with CNN architecture has been proposed
to extract relevant object features and classify them accordingly to enhance object detection like ResNet,

Alex Net, FusionGAN [9], NestFuse [10], DenseFuse with encoding and decoding networks [11]. These CNN networks
utilise dense blocks, which compromises computational requirements and limits the real-time application of the models.

To address this drawback, we propose an adaptive YOLOvVS model [12] based on fused RGB and thermal images using
a pre-processing module and attention mechanism to improve object detection accuracy. In addition, the model will
incorporate custom augmentation techniques and a convolutional block Attention module (CBAM) to take advantage of
the image sources' feature dissimilarity to improve object recognition and avoidance. The goal is to create more
informative images that increase object visibility and improve scene understanding for accurate object detection and
avoidance in challenging cases.

The main contribution of this work can be summarised as follows:

1. We prepared a multisensory dataset of objects of 12 classes from the mobile robot perspective in hangar
environment with 600 aligned RGB and thermal image frames.

2. The input module is designed with pre-processing fusion techniques that transform, scale and fuses custom RGB
and thermal images to enhance object feature extraction for improved accuracy in object detection.

3. To improve YOLOv5m network with CBAM module for relevant feature map extraction and network layers
compression to achieve lightweight model with reasonable computing resources.

4. Performance evaluation using public and custom dataset on proposed fuse-YOLO and YOLOVS models

The rest of this paper is organised as follows: In section 2, we summarised some recent literature in YOLOVS for
autonomous vehicle object detection. Section 3 describes the YOLOVS architecture and proposed fuse-YOLO model.
Section 4 shows the experiment process and result. Section 5 presents the conclusions of this research.

2. RELATED WORK

There has been some significant research on object detection recently with multi-source images, showing improvement
and robust environmental adaptation capability. Currently, traditional and deep-learning detection methods are two
major categories of object detection that have been widely studied. Conventional methods like the sliding window
approach [13], support vector machine (SVM) [14] and template matching-based algorithm [15] involve manually
designed feature extraction procedures for object detection and classification in an image. This method is challenging to
implement, computationally inefficient and poorly performed with small and diverse objects. Therefore, the automatic
and hierarchical approach to feature extraction in convolutional neural network (CNN) algorithms [16] has gaed more
research attention over traditional methods, especially in solving the problems mentioned earlier.

The most popular CNN architectures for object detection are based on the single-stage and two-stage detectors network.
Faster R-CNN [17] is among the two-stage variants that was improved by using region of interest (ROI) and region
proposal network (RPN) pooling [18], which generate sparse related bounding boxes for target objects and then
classified and regressed to increase detection accuracy. However, this still is limited in achieving the real-time
improved inference speed that is required for application in autonomous vehicles. On the other hand, Yolov5 is among
the one-stage detection methods that use a grid framework to predict the position and classification of multiple objects



in the frame for better detection accuracy. Different improvement has been made in yolov5 in [19] the method of
structural adjustment of the model elements was used to improve small object detection and inference time, [20] authors
expanded cross-stage-partial-connections (CSP) module to enhance the use of shallow features.

Many more researchers have proposed better models using fused visible and thermal. Yunfan et al. in [21] use a multi-
layered CNN architecture that combines RGB and thermal images for improved pedestrian detection. Wagner et al. in
[22 used a CNN-based detection model to train the KAIST dataset described for pedestrian detection using merged FIR
and RGB images. Osman et al. [23] trained the YOLOv3 model with a merged image spectrum but requires more
images to optimise the performance of the network. In [24], a multispectral model based on Yolov4 with combined
RGB and thermal images was use to demonstrate high detection accuracy and adaptation capability in changing scene
scenarios. More improvement was seen in [25] where the authors used illumination-aware deep neural networks with
both visual and thermal images to enhance object detection performance. Early fusion enhancement was used in [26] by
using a CNN-based fusion module to extract useful features from the RGB and thermal images towards better object
performance. Based on these studies, we have proposed fuse-YOLO that leverages thermal and RGB features and
CBAM module for the yolov5n network to improve object detection accuracy. This will enhance relevant object feature
extraction, lightweight capability and computational suitability for mobile robot navigation tasks.

3. THERMAL IMAGE ENHANCEMENT FOR ROBOTS OBJECT DETECTION

In this paper, we focus on improving the performance of an existing deep neural network capable of recognising different
types of objects under varied lighting situations by supplementing thermal images with RGB images through a fusion
network. Thermal imaging is among the sensing mechanisms that can be utilised to improve the navigation of autonomous
mobile robots, particularly under challenging conditions like low-light conditions. It can detect the temperature
differences of objects in complex scenes, which can assist robots in detecting obstacles that are not obvious in RGB
images. In this work, autonomous mobile robots’ navigation will be enhanced to provide adequate safety and motion
control using thermal imaging through improved object recognition and avoidance algorithm for aircraft inspection
operations. The image representation below in Figure 1. shows a resulting fused image from thermal image enhancement
with RGB images which is the input to the YOLOVS object detection algorithm proposed.
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Figure 1. Visual representation of RGB and thermal images at different light variations and resulting fused image.

3.1. Overview Of Yolov5 Algorithm

YOLOVS is a popular CNN-based object detection framework that uses a single-stage architecture and grid of cells to
train the detector to operate precisely and with more visibility enabling the system to identify any object in complex
environments. It is easy to deploy and train. The architecture comprises the backbone based on the cross-age partial
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