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 This study introduced a methodology for real-time object detection and 

interpretability using YOLOv8s, trained on the MS common objects in 

context (COCO) dataset. The system captured live webcam footage, 

processes frames resized to 640×384, and applies YOLOv8s to detect 

objects with bounding boxes, labels, and confidence scores. YOLOv8s 

architecture comprising a CSPDarknet53-based backbone, neck, and head 

ensures efficient feature extraction and accurate detection. To enhance 

model transparency, activation map generation is implemented by attaching 

forward hooks to intermediate convolutional layers. Feature maps are 

captured during the forward pass, averaged, normalized, and resized to 

match the original image dimensions. This visualization highlights regions 

influencing the model’s predictions, aligning with explainable artificial 

intelligence (XAI) principles. Experimental results demonstrate high 

detection accuracy and effective interpretability in indoor environments, 

making the framework suitable for robotics applications requiring both 

precision and transparency. The proposed method offers a practical and 

explainable solution for real-time scene understanding in intelligent systems. 
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1. INTRODUCTION 

The robotics industry is at the forefront of the automation revolution, hugely driven by 

advancements in artificial intelligence (AI), machine learning (ML), and computer vision technologies. 

Mobile robots deployment such as autonomous mobile robots (AMRs) in indoor environments is becoming 

increasingly prevalent. These indoor robots are designed to operate independently, utilizing sophisticated 

sensors and AI algorithms to navigate complex spaces and perform a variety of tasks such as housekeeping 

and patient care [1]-[3]. To accommodate these growing number of robotics applications, the robots need to 

better perceive their surroundings to achieve intelligent operation. 

A popular area of research is to train these robots to interact with their surroundings and people by 

leveraging their image recognition capabilities, a primary focus of computer vision [4], [5]. This enables 

them to see, comprehend, and independently adapt to their natural surroundings [6]. The foundation of their 

decision-making and behavior optimization in a complex indoor environment is scene understanding, which 

is also essential in evaluating how well the indoor robots operate [7], [8]. The study of object detection holds 

substantial practical significance, as scene understanding is inherently linked to the identification and 

comprehension of key objects within the environment.  

https://creativecommons.org/licenses/by-sa/4.0/
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Additionally, one of the more intricate challenges in computer vision is identifying indoor objects 

and scenes. Accurately determining the location, size, and category of objects is essential for indoor scene 

object detection technology, as it significantly enhances the precision of research on indoor mobile robot 

positioning and navigation [9], [10]. Prior to the development of deep learning technology, conventional 

object detection techniques primarily relied on manually created features, such histograms of oriented 

gradient (HOG) [11], scale-invariant feature transform (SIFT) [12], and haar-like feature (HAAR) [13]. The 

methods of hand design features have issues with low detection accuracy, poor generalization, and poor 

robustness because of the imaging environment and the object itself [14]. The traditional methods, which rely 

on manual design elements, perform poorly in complicated indoor environments and struggle to satisfy 

people's need for high-performance object recognition. 

To address the challenges of accurate object recognition for indoor navigation, the primary focus of 

this paper is to explore a novel methodology for real-time object detection and enhanced interpretability 

using YOLOv8. The main contributions of this paper are as: 

- Implementation of YOLOv8s to detect objects in live webcam footage with high accuracy and confidence 

scores. 

- Real-time frame capture from webcams using a JavaScript-based approach, with consistent resizing for 

optimal model input. 

- Generation of activation map heatmaps to interpret the model's focus areas, aligning with explainable 

artificial intelligence (XAI) principles. 

 

 

2. RELATED WORK 

There exist a large body of work that underscores significant advancements in object detection 

methodologies for robotics and other related applications. Singh et al. [15] and Chen and Li [16] both focus 

on enhancing navigation capabilities for AMRs in indoor environments through advanced object detection 

methods. Singh et al. [15] introduced a modified you only look once (YOLO) algorithm that improved object 

detection and recognition efficiency, demonstrating superior performance metrics such as mean average 

precision (mAP) and reduced inference time compared to traditional methods. This approach is particularly 

relevant for service robots operating in constrained indoor spaces. Similarly, Chen and Li [16] proposed 

ATopNet, a robust visual localization model that incorporates pose and speed enhancements, achieving real-

time localization with significant accuracy. Both studies highlight the importance of optimizing algorithms 

for low-computing devices, which is crucial for deploying effective object detection systems in practical 

indoor AMR applications. 

The integration of multimodal sensing techniques in AMR is explored by Chen et al. [17] and 

Wunderle et al. [18]. Chen et al. [17] developed a system that combines RGBD images with 2D light 

detection and ranging (LIDAR) data to improve movement accuracy and positioning in indoor environments, 

achieving impressive localization metrics such as 98.3% accuracy. Wunderle et al. [18] emphasized the need 

for comprehensive system architectures to enhance safety and reliability in AMR operations, identifying 

critical gaps between current safety standards and state-of-the-art pedestrian detection systems. Their work 

underscores the necessity for datasets tailored to train neural networks for safety applications. 

Moreover, Aulia et al. [19] and Cherubin et al. [20] further illustrate the ongoing advancements in 

object detection systems tailored for AMRs operating in diverse environments. Aulia et al. [19] developed a 

new CNN-based object detection system utilizing real-world vehicle datasets, achieving high classification 

accuracy across varying lighting conditions that contributes to reliable operation in urban settings. Cherubin 

et al. [20] exploration of YOLO object detection on low-cost mobile robots emphasizes affordability without 

compromising performance quality, making advanced technologies accessible for practical deployment.  

Also, within the YOLO framework, Brand et al. [21] and Yang et al. [22] contribute to the 

discussion on enhancing object detection capabilities through innovative methodologies that leverage YOLO 

architectures. Brand et al. [21] explored ultrasonic object detection methods combined with YOLOv8 for 

outdoor applications, achieving a mAP of 0.685 by converting ultrasonic data into images for classification 

tasks. This novel approach demonstrates the versatility of YOLOv8 beyond traditional visual inputs. On the 

other hand, Yang et al. [22] introduced a dynamic visual simultaneous localization and mapping (SLAM) 

algorithm based on lightweight YOLOv8, which improves positioning accuracy in high-dynamic scenes by 

filtering out dynamic objects that could disrupt SLAM algorithms. Together, these studies showcase the 

adaptability of YOLO models across different sensing modalities and environments.  

Lastly, the application of XAI techniques in conjunction with YOLO models is highlighted by 

Dewangan and Gupta [23] and Liu et al. [24]. Dewangan and Gupta [23] evaluated a YOLOv8-based 

framework for indoor fire and smoke detection, utilizing XAI methods like LIME and SHAP to enhance 

interpretability alongside performance metrics such as mAP and F1 score. Their findings indicate that while 

YOLOv8n achieved superior mAP scores, challenges remain in reliably detecting smoke. Similarly,  
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Liu et al. [24] work on an improved YOLOv5 model for safety belt detection emphasizes the integration of 

advanced techniques to enhance accuracy while reducing computational costs, demonstrating the importance 

of explainability in safety related applications.  

 

 

3. METHOD 

This study employs YOLOv8s for object detection within captured frames. The architecture of the 

YOLOv8 is shown in Figure 1. The components of this model are as follows. The backbone extracts 

important features from the input image using cross stage partial networks (CSPs). The bottleneck CSP 

module is responsible for feature extraction, reducing redundancy efficiently during optimization. The spatial 

pyramid pooling (SPP) module expands the network's receptive field and captures elements of various scales. 

The backbone is based on the CSPDarknet53 architecture. The second component, the neck, is an 

intermediate component that connects the backbone to the head. It aggregates and refines the features 

extracted by the backbone, often focusing on enhancing the spatial and semantic information across different 

scales. The neck may include additional convolutional layers, feature pyramid networks (FPN), or other 

mechanisms to improve the representation of the features. The last component is the head. Its main 

responsibility is to supervise the last stage of detection. The final output vectors, which include bounding box 

information, object absence scores, and class probabilities, are produced by utilizing anchor boxes.  

 

 

 
 

Figure 1. Architecture of YOLOv8 [25] 

 

 

In this work, the process of object detection using the YOLOv8s model begins with the training 

phase, where the model is trained on common objects in context (COCO) dataset [26] which serves as the 
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foundational data for the training process. This training involves feeding the YOLOv8 architecture with 

images from the COCO dataset. The backbone utilizes CSPs to extract critical features while minimizing 

redundancy. The BottleneckCSP module enhances feature extraction efficiency, and the SPP module 

increases the receptive field to capture multi-scale elements. The neck aggregates and refines these features, 

enhancing spatial and semantic information before passing them to the Head. The Head generates final output 

vectors that include bounding box coordinates, object confidence scores, and class probabilities based on 

anchor boxes. 

Figure 2 illustrates the workflow diagram of this study, focussing on real time object detection and 

activation map visualisation via YOLOv8s. The trained YOLOv8 model is employed for real-time object 

detection, initiated by capturing frames using a webcam. In pre-processing, these frames are decoded into a 

NumPy array, resized to (640 and 384), and passed through the YOLO model to extract bounding boxes, 

confidences, and class IDs. The annotated frames are saved and displayed in a continuous loop until 

interrupted by the user. 

For interpretability, the methodology incorporates the generation of activation maps. Each saved 

image is passed through the model to extract and normalize feature maps, which are then used to create a 

heatmap overlay. This overlay is displayed alongside the original image, providing a visual representation of 

the model's focus areas. This is achieved by registering a forward hook to capture intermediate layer 

activations, thereby enhancing the transparency and explainability of the object detection process. This 

systematic approach ensures both the accuracy of object detection and the interpretability of the model's 

decisions, which is crucial for applications requiring transparency and trust such as the ones associated with 

indoor robotics. 

 

 

 
 

Figure 2. YOLOv8s model training, frame capture, and activation maps workflow 
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4. RESULTS AND DISCUSSION 

4.1.  Real time object detection 

Figure 3 demonstrates real-time object detection results using the YOLOv8s model in an office 

setting, consisting three sequential images among 779 images showcasing various detections, each marked 

with bounding boxes and labeled with the object name and confidence score. In the first image, two chairs 

are detected with confidence scores of 0.83 and 0.85, focusing on an empty section of the office. The second 

image captures a person detected with a confidence score of 0.71, along with a laptop and a cell phone 

detected with confidence scores of 0.94 and 0.60, respectively. The third image provides a broader view of 

the office, detecting two persons with confidence scores of 0.85 and 0.57, alongside a chair detected at 0.78 

and laptop detected at 0.93. The figures effectively illustrate YOLOv8s' ability to identify multiple objects in 

an office environment in real time with varying confidence levels. 

 

 

   
 

Figure 3. Real time object detection images using YOLOv8s 

 

 

4.3.  Activation map 

Figure 4 consists two visuals demonstrating object detection and model interpretability through 

activation maps. Figure 4(a) shows two persons detected within an indoor environment, highlighted by a blue 

bounding box. The background features include walls and a structured ceiling with lighting, but the model 

focuses solely on the persons, chair and laptop as the objects of interest. Figure 4(b) shows the heatmap 

overlay image of ‘persons’ object class type, providing an interpretability layer by displaying a heatmap 

superimposed on the original image. The heatmap, created using the JET colormap, employs warm colors 

red, green, blue (RGB) to highlight areas the model considers significant for object detection. Together, these 

visuals highlight the effectiveness of the object detection model and its explainability, offering insights into 

how the model identifies objects and the specific features it prioritizes during decision-making. 
 

 

  
(a) (b) 

 

Figure 4. Object detection and activation map visualization using YOLOv8sm: (a) original image showing 

detected objects (persons, chair, and laptop) with bounding boxes and (b) corresponding activation map 

overlay using JET colormap, highlighting regions of interest influencing the model’s predictions 
 

 

This dual focus on real-time detection and interpretability offers a balanced approach to both 

practical application and model transparency. While the YOLOv8s model demonstrates strong detection 

capabilities, the addition of activation maps addresses a common limitation in deep learning models: the lack 

of insight into how predictions are made. By visualizing focus areas, the methodology fosters trust and 

usability, making it particularly valuable in applications where understanding model behavior is crucial. The 
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proposed framework, therefore, not only achieves high detection accuracy but also provides stakeholders 

with actionable insights into the inner workings of the model. 

Although the images in Figure 4 show promising results, one key aspect of the experiment that 

could be further improved is the quality of the captured frame image. The 'chair' and 'laptop' object classes 

were not properly identified in Figure 4(b) due to the average image quality. Capturing video images in a 

well-lit indoor environment, combined with a higher quality webcam, could enhance heatmap detection 

during the overlay process. Additionally, incorporating image pre-processing techniques could further 

improve the overall quality of the captured frames. 

 

 

5. CONCLUSION 

This study successfully demonstrates the integration of YOLOv8s for real-time object detection and 

interpretability through activation map visualization, offering a dual benefit of high detection accuracy and 

model interpretability. By leveraging YOLOv8s’ robust architecture and implementing activation maps 

through intermediate layer hooks, the framework provides clear insights into the model’s decision-making 

process. The results validate the system’s effectiveness in indoor environments, demonstrating its potential 

for deployment in robotics and smart surveillance applications. Importantly, the inclusion of interpretability 

features addresses a critical gap in deep learning systems—transparency and trust. This empowers 

stakeholders to better understand and validate AI-driven decisions. Future work may focus on improving 

image quality and exploring additional XAI techniques to further enhance model explainability and 

robustness. Overall, the proposed framework contributes meaningfully to the advancement of intelligent, 

transparent, and reliable object detection systems. 
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