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ABSTRACT: Indoor object detection presents unique challenges such as occlusions, varying lighting conditions, and
cluttered environments. While several object detection frameworks, including RetinaNet, Faster R-CNN, SSD, and
EfficientDet, have been proposed, they often suffer from high computational cost, reduced inference speed, and limited
accuracy in terms of mean Average Precision (mAP), particularly in real-time scenarios. In this study, lightweight
YOLO variants, namely YOLOv7, YOLOv8s, YOLOv9s, and a fine-tuned YOLOv9s which considers the optimized
training strategy based on albumentations. All the models are evaluated for indoor object detection using the RGB TUT
Indoor dataset. The models are assessed using precision, recall, mAP@0.5, and mAP@0.5:0.95. The experimental results
demonstrate that the fine-tuned YOLOv9s consistently outperforms the baseline YOLOv9s model across all evaluation
metrics, confirming the effectiveness of proposed training optimizations. Specifically, the fine-tuned YOLOv9s achieves
a precision of 97.9%, recall of 96.1%, mAP@0.5 of 99.1%, and mAP@0.5:0.95 of 88.7%. These improvements highlight
the impact of systematic training refinement beyond standard model configuration. Among the evaluated models,
YOLOv8s achieves the highest inference speed of 90 FPS in 11.1 ms, making it suitable for ultra-low-latency applications
such as smart homes, assistive systems, and robotics. In contrast, the fine-tuned YOLOv9s provides a superior balance
between accuracy and efficiency, making it more suitable for accuracy-sensitive indoor environments where detection
reliability is critical. Overall, the study demonstrates that carefully optimized training strategies can significantly
enhance the performance of YOLOv9s without architectural modifications, providing practical insights for real-time
indoor object detection systems.

KEYWORDS: Image classification; deep learning; indoor object detection; You Only Look Once (YOLO)

1 Introduction
Object detection has significantly evolved from traditional techniques such as Haar cascades [1] and

Histogram of Oriented Gradients (HOG) [2] to deep learning-based methods that learn directly from image
data. Convolutional Neural Networks (CNNs) enabled the extraction of hierarchical, context-aware features,
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greatly enhancing detection accuracy and scalability. Today, object detection is widely applied in surveillance,
autonomous systems, healthcare, agriculture, and augmented reality. It enables real-time threat detection,
obstacle recognition in self-driving vehicles, diagnostic imaging in healthcare, and early detection of plant
diseases in agriculture. Its integration into smart devices underscores its growing practical significance. How-
ever, indoor object detection remains challenging due to cluttered scenes, occlusions, inconsistent lighting,
and scale variations. These factors often reduce the performance of models trained in Microsoft COCO [3]
and PASCAL VOC [4] datasets, which do not fully capture the complexities of indoor environments. In
addition, applications such as assistive technologies, service robotics, and smart home systems demand high
detection accuracy with real-time performance under constrained computational resources.

This research focuses specifically on the problem of indoor object detection and addresses the limita-
tions of inaccurate detection in indoor scenes by evolving and evaluating the YOLOv9 architecture. Although
YOLO models are known for their balance of speed and accuracy, YOLOv9 introduces additional improve-
ments in feature representation, scale awareness, and bounding-box regression, making it a promising
candidate for indoor scenarios. To thoroughly assess its performance, this study contrasts YOLOv9 with two
other state-of-the-art versions: YOLOv7 and YOLOv8. These comparisons are quantified using established
performance indicators, i.e., accuracy, precision, recall, and mean Average Precision (mAP).

The evaluation is carried out using the RGB-based TUT Indoor Dataset, collected and annotated by
Tampere University of Technology (TUT), Finland [5]. This dataset includes 2213 RGB images that feature
4599 labeled instances in seven different indoor object classes: fire extinguisher, exit sign, chair, clock,
screen, trash bin, and printer. The dataset captures realistic indoor environmental conditions, incorporating
occlusions, dynamic lighting variations, and complex scene configurations, making it a robust benchmark
for evaluating indoor object detection models.

Previous research, such as that of Adhikari et al. [5], used classical models like Faster R-CNN with
ResNet-101, SSD MobileNet, and RetinaNet to improve bounding-box annotations in this dataset. However,
these approaches often suffer from slower inference speed and higher computational cost. In contrast, the
YOLO family of models, and particularly YOLOv9 [6], provide a real-time alternative with better trade-offs
in speed and accuracy.

To our knowledge, this is the first work to conduct a comprehensive model-level comparison of
YOLOv7, YOLOv8, and YOLOv9 including a hypertuned version of YOLOv9 on the TUT Indoor dataset. We
investigate recent advances in YOLO architectures that effectively address indoor specific challenges, such
as occlusion, clutter, and variable illumination, which are critical for real-world deployment.

The primary contributions of this paper are summarized as follows:

• A fine-tuned YOLOv9s model tailored to the given dataset, incorporating systematic training-level
optimizations such as refined data augmentation strategies and controlled ablation analysis to enhance
indoor object detection performance under challenging conditions.

• A systematic evaluation of YOLOv7, YOLOv8s, and YOLOv9s (baseline and fine-tuned variants) in
the TUT Indoor Dataset, which includes 4599 object instances across seven commonly encountered
indoor classes.

• We analyze each model performance using a range of quantitative metrics, including accuracy,
precision, recall, loss, and mAP.

• We investigate computational efficiency in terms of inference speed and FLOPs that provide insights for
real-time intelligent systems for indoor environments.

The remainder of this paper is organized as follows. Section 2 reviews the current literature on object
detection with a focus on indoor settings. The Section 3 outlines the dataset, the model architecture, and the
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experimental setup. The performance of the used model is evaluated in Section 4 and discusses key findings.
Finally, Section 5 presents the contribution and highlights the future research directions.

2 Related Work
Object detection encompasses the identification, localization, and classification of objects within digital

image or video frame [7]. Although well-lit outdoor environments facilitate detection and benefit from
consistent illumination and clear object boundaries. Indoor scenes present significant challenges due to
poor lighting conditions, clutter, and frequent occlusions. Early indoor object detection systems employed
hand-crafted features, e.g., SIFT, HOG and conventional machine learning classifiers [8], but these methods
struggled with robustness across indoor scenarios.

The advent of deep learning revolutionized object detection, with R-CNN [9] pioneering a two-stage
pipeline: (1). region proposals generation via selective search and (2). followed by CNN-based classification.
Despite its accuracy, the model was computationally expensive due to repeated CNN forward passes. Fast
R-CNN [10] improved efficiency by sharing feature computation across the entire image and introducing
Region of Interest (ROI) pooling. Faster R-CNN [11] further optimized the process by replacing the selective
search with a Region Proposal Network (RPN), allowing end-to-end training and faster inference.

The single shot multi-box detector (SSD) [12] introduced a single-stage architecture that directly
predicts bounding boxes and class scores from multiple feature maps, supporting real-time performance
across object scales. RetinaNet [13] addressed the class imbalance problem inherent in single-stage detectors
by introducing focal loss, which emphasizes the harder examples. Its use of a Feature Pyramid Network (FPN)
also enhanced multiscale object detection.

You Only Look Once (YOLO) models further improved speed and accuracy, making them especially
suitable for indoor real-time applications such as assistive technologies and robotics [14]. These models
deliver high detection precision with low computational overhead. This shift from traditional shape-based
recognition to deep models such as RetinaNet and YOLO, which are increasingly employed to detect
and track people with disabilities and their mobility aids. Similarly, Ref. [15] developed an indoor object
recognition system for visually impaired users, achieving up to 97% accuracy on benchmark datasets through
fine-tuned neural networks.

To mitigate the lack of annotated indoor datasets, Ref. [5] proposed a two-stage annotation method that
reduced manual labeling efforts by up to 90%, facilitating efficient model training using datasets such as TUT.
YOLO-based frameworks have since gained traction in indoor navigation. For example, Ref. [16] integrated
YOLO with depth estimation and spatial audio to assist visually impaired users, while Ref. [17] introduced
lightweight YOLO variants optimized for mobile robots, improving detection speed and supporting SLAM-
based navigation.

Jiang et al. [18] proposed S-SSD, a lightweight object detection model that combines ShuffleNet with
SSD to improve real-time detection performance on indoor mobile robots while maintaining competitive
accuracy. Ref. [19] demonstrated the applicability of YOLOv5 to equirectangular panoramas in the interior,
supporting smart home systems and digital twin technologies.

Recent advances in indoor object detection have demonstrated significant progress in addressing
occlusion and computational constraints. Jia et al. [20] developed a context-aware detection system using
Faster R-CNN with ResNet50 backbone, achieving 88.71% accuracy in identifying occluded indoor hazards
for the BELUGA robot platform. Building upon this, Zhao et al. [21] proposed LAOF-IPDT, a lightweight
anchor-free transformer architecture specifically optimized for indoor personnel detection on edge devices,
which achieved real-time inference speeds while maintaining competitive accuracy.
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In contrast to these specialized approaches, our study conducts a comprehensive evaluation of YOLO-
based models across multiple critical parameters: (1) generalization across diverse indoor object categories
e.g., chairs, clocks, screens, (2) robustness to common indoor challenges i.e., occlusion, lighting variations,
and (3) computational efficiency for potential deployment in real-time. Table 1 systematically compares these
related works with our proposed framework.

Table 1: Summary of object detection techniques and applications.

Reference Method/Model Dataset Performance Key Remarks

[9] R-CNN (CNN + region
proposals) ILSVRC2013 – High accuracy but very

slow inference

[10] Fast R-CNN (ROI
pooling)

COCO,
ILSVRC – Shared computation

improves speed

[11] Faster R-CNN (RPN) COCO – End-to-end training,
faster proposals

[12] SSD (single-shot
multi-scale) COCO Real-time Good speed–accuracy

trade-off

[13] RetinaNet (Focal Loss +
FPN) – High

accuracy
Handles class imbalance

effectively

[5] Faster R-CNN (two-stage
annotation) TUT Indoor – Reduces manual labeling

effort

[15] RetinaNet (fine-tuned) IODR High
accuracy

Assistive indoor
recognition

[16] YOLO + depth + audio
feedback

Custom
(6 classes) Real-time Assistive navigation

system

[17] YOLO + SLAM Custom
(6 classes) – Mobile robot detection

[18] S-SSD + ShuffleNet Custom
(9 classes)

Improved
accuracy Lightweight for robotics

[19] YOLOv5 (panoramic
detection) – – Equirectangular indoor

scenes

[20] Faster R-CNN + feature
fusion

Custom
(7 classes) 88.71% Context-aware hazard

detection

[21] Transformer-based
(LAOF-IPDT) – – Lightweight edge

deployment

[22] SSD + ResNet50 +MCIE
+ dual NMS SUN2012 subset mAP 54.1%

Better occlusion
handling; lighting

sensitive

(Continued)
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Table 1 (continued)

Reference Method/Model Dataset Performance Key Remarks

[23] I-DINO (Transformer +
BiFPN) Indoor COCO mAP 62.3%

Strong multi-scale
learning; costly

annotation

[24] RetinaNet (assistive
navigation)

Custom (11k
images) mAP 98.75% High accuracy;

domain-specific

3 Method and Materials
Numerous researchers have employed different techniques for the detection and classification of indoor

objects. However, many of these approaches demonstrate limited effectiveness in real-time applications
due to challenges such as occlusion, varying illumination, and cluttered environments. This study proposes
YOLO-based deep learning models, specifically designed for robust and efficient indoor object detection.
An overview of the research framework, which illustrates the systematic flow of the proposed approach, is
presented in Fig. 1. The proposed methodology is elaborated in the following subsections.

Figure 1: Research methodology for indoor object detection using YOLO models.

3.1 Dataset Collection
This study uses the TUT Indoor Dataset, a publicly available dataset collected by Tampere University of

Technology, Tampere, Finland, as described in [5]. This dataset comprises 2213 images with a total of 4599
instances, classified into seven classes: chair, clock, exit sign, fire extinguisher, printer, screen, and trash bin.
The distribution of images and instances across each class is presented in Table 2.
3.2 Data Preprocessing

To perform object detection using the YOLO models, we utilized the publicly available TUT Indoor
Object Detection Dataset. The YOLO architecture mandates input data to conform to a predefined annota-
tion format, necessitating dataset preprocessing including image resizing, label normalization, and class ID
remapping to ensure compatibility.
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Table 2: Number of images and instances for each class in the dataset.

Classes Number of Images Number of Instances
Clock 277 280
Chair 851 1664

Fire Extinguisher 818 1684
Exit Sign 504 545

Screen 95 116
Printer 81 81

Trashbin 171 229

All 2213 4599

3.2.1 Image Rescaling
The original images in the dataset were extracted from HD video sequences with a resolution of

1280 × 720 pixels. For compatibility and optimal performance with the YOLO models, we resized all
images to 640 × 640 pixels. This dimension aligns with the input size used in training recent YOLO
models, e.g., those trained on the MS COCO dataset, and it ensures a good balance between accuracy and
computational efficiency.

3.2.2 Image Annotation Conversion
YOLO is a supervised object detection algorithm and requires labeled training data to learn and detect

objects effectively. The original annotations in the TUT dataset were provided in XML format (PASCAL
VOC), which is not directly compatible with YOLO. To convert the annotations to the YOLO format, we
used Roboflow [25], a platform that simplifies the preprocessing pipeline for computer vision tasks. Roboflow
enables easy conversion from XML to YOLO format and supports exporting annotations in the required.txt
files, where each line represents a single object in the image. Each annotation in YOLO format follows the
structure:

< cl assid >< xcenter >< ycenter >< width >< height >

An example annotation can be given as 0 0.1875 0.1667 0.25 0.5833 where 0 represents the class ID,
followed by the normalized coordinates of the bounding box. All coordinates are normalized, i.e., relative to
the image width and height.

3.3 Training Configurations
The simulation settings are listed in Table 3. All models were trained for 100 epochs based on preliminary

experiments showing that the training loss stabilized around epoch 90, with no significant improvement
in validation mAP beyond this point. Early stopping was also monitored using validation loss to avoid
overfitting. Therefore, 100 epochs were selected as an optimal trade-off between convergence and compu-
tational efficiency. Using a fixed image resolution of 640 × 640 on the Kaggle platform equipped with an
NVIDIA Tesla P100 GPU. The optimization was performed using stochastic gradient descent (SGD) with
an initial learning rate of 0.01, momentum of 0.937, and weight decay of 0.0005. A OneCycle learning rate
scheduling strategy was applied, gradually reducing the learning rate to 1% of its initial value. A warm-
up phase of 3 epochs was used to stabilize early training dynamics. Standard YOLO data augmentation
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techniques, including mosaic augmentation, mixup, HSV color jittering were consistently applied across all
models. To ensure reproducibility, a fixed random seed of 0 was used for all experiments. Close Mosaic is
enabled in baseline experiments and selectively disabled in fine-tuning experiments to analyze its effect on
convergence stability The dataset was split into training and validation sets using an approximately stratified
80:20 ratio, resulting in 1771 training images and 442 validation images. This split preserves class distribution
across subsets and ensures reliable evaluation of unseen data.

Table 3: Training configuration and experimental settings.

Category Parameter Value
Epochs Training epochs 100

Image size Input resolution 640 × 640
Batch size Batch size 8
Optimizer Optimization method SGD

Learning rate Initial (lr0) 0.01
Learning rate Final factor (lrf) 0.01
Momentum SGD momentum 0.937

Weight decay Regularization 0.0005
Scheduler LR policy OneCycleLR
Warm-up Warmup epochs 3.0

Random seed Reproducibility 0
Hardware GPU NVIDIA Tesla P100 (Kaggle)
Split ratio Train/Validation 80/20

Train samples Dataset split 1771 images
Validation samples Dataset split 442 images

Augmentation Mixup 0.15
Augmentation HSV (H/S/V) 0.015/0.7/0.4
Augmentation Mosaic 1.0

3.4 YOLO-Based Deep Learning
You Only Look Once (YOLO) is a state-of-the-art, single-stage object detection framework known for

its balance between detection and computational efficiency. Unlike two-stage detectors that rely on region
proposal generation followed by classification, YOLO formulates object detection as a single regression
problem, simultaneously predicting bounding boxes and class probabilities from entire images in one for-
ward pass. This approach enables real-time performance, making YOLO highly suitable for latency sensitive
applications. Originally introduced by Redmon et al. in 2015 [26], the architecture has since undergone
several significant enhancements that improves both detection precision and inference speed in successive
versions. In this article, YOLOv7, YOLOv8, and YOLOv9 are evaluated to exploit their advancements in
feature representation, scalability, and real-time object detection capabilities for indoor environments.

3.4.1 YOLOv7
YOLOv7, proposed by Wang et al. in 2023 [27], introduced several architectural and training enhance-

ments aimed at improving both accuracy and computational efficiency. One of the core contributions is the
Trainable Bag-of-Freebies (BoF), which comprises a suite of training-time enhancements aimed at increasing
detection accuracy while preserving inference efficiency.
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YOLOv7 framework also incorporates Extended Efficient Layer Aggregation Networks (E-ELAN) to
build a scalable and high-performance backbone, facilitating effective feature extraction with optimized
parameter utilization. Furthermore, it introduces compound model scaling, which jointly scales network
depth and width to achieve improved accuracy and efficiency across a range of hardware configurations.
Another notable component is the Error-Correcting Output (ECO) head, designed to improve detection
of overlapping objects while maintaining a lightweight structure. A comprehensive architectural analysis of
YOLOv7 and its constituent modules is available in [28]. On the MS COCO benchmark, YOLOv7 achieves
a notable 56.8% average precision (AP) while sustaining real-time inference at more than 30 frames per
second, establishing it as one of the most accurate and efficient object detectors to date.

3.4.2 YOLOv8
YOLOv8, released by Ultralytics in January 2023 [29], introduces substantial architectural and func-

tional advancements aimed at improving performance in practical object detection applications. The model
incorporates an improved backbone and a refined feature pyramid network, resulting in a multiscale feature
representation. In particular, it adopts an anchor-free detection head, which simplifies the overall design
while preserving high detection accuracy.

To improve localization precision, YOLOv8 integrates the Scaled Intersection over Union (SIoU) loss
function, which considers multiple geometric factors, including aspect ratio, distance, and orientation,
to improve the bounding box regression. Furthermore, the model employs advanced data augmentation
techniques to increase robustness and generalizability across diverse datasets. A detailed analysis of its
architecture and component layers is presented in [28]. In addition to object detection, YOLOv8 extends
its capabilities to instance segmentation and pose estimation, providing a unified framework for multiple
computer vision tasks.

3.4.3 YOLOv9
YOLOv9, introduced by Wang et al. in 2024 [6], addresses the information bottleneck challenge, i.e.,

where essential feature representations are degraded as they propagate through deep networks. To mitigate,
YOLOv9 introduces two key approaches, namely: Programmable Gradient Information (PGI) and the
Generalized Efficient Layer Aggregation Network (GELAN). These mechanisms improve the gradient and
feature aggregation, enabling the model to retain critical information while maintaining high performance.

The YOLOv9 architecture is designed for flexibility and efficiency, supporting seamless deployment
across a variety of computing environments without compromising speed or accuracy. As shown in Fig. 2,
the architecture consists of four principal components: (a) the backbone, (b) the neck, (c) the auxil-
iary module, and (d) the detection head. Detailed explanations of each component are provided in the
subsequent subsections.
Backbone

This component is responsible for extracting and refining features from input images while maintaining
computational efficiency. It comprises the following modules:

1. Silence Block: Passes the input image directly to the Auxiliary and Backbone branches without
modification, ensuring efficient data routing and early feature sharing.

2. Convolution Blocks: Use 2D convolutions, Batch Normalization, and SiLU activation to extract low-
level features. AutoPad dynamically maintains spatial dimensions during convolution.
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3. RepNCSPELAN Block: Combines convolutional layers and RepNBottleneck modules to capture
multiscale features with reduced computational overhead, drawing on ResNet-inspired design for
efficient learning.

4. ADown Block: Performs downsampling by splitting features into two parallel paths. Convolution,
maxpooling and then concatenating the outputs to preserve both spatial detail and semantic depth.

5. SPPELAN Block: Apply Spatial Pyramid Pooling to generate fixed-size feature maps, enabling robust
detection of objects at varying scales without resizing the input.

Figure 2: YOLOv9 architecture [30].

Neck
This module integrates multiscale features from the backbone and enhances them for accurate object

detection.

1. Up-sampling: Increases the spatial resolution of feature maps from the CSPELAN block to match
earlier-stage output, allowing effective feature fusion across different scales.

2. Concatenation: Combines upsampled features with the corresponding backbone features at the same
resolution, preserving fine-grained spatial details essential for precise localization.

3. RepNCSPELAN: A multi-branch module composed of parallel RepNCSP blocks, each internally
utilizing re-parameterized bottleneck units that combine RepConvN layers with residual shortcuts.
The architecture splits the input feature map along the channel dimension and processes them via
independent RepNCSP paths for localized and global context extraction, and subsequently fuses them
through concatenation followed by pointwise convolution. RepNCSPELAN enhances feature diversity,
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gradient propagation, and representational efficiency, significantly improving detection head input
quality in GELAN based backbone.

Auxiliary
This module significantly contributes during training by reinforcing deep feature learning and hierar-

chical representation quality and provides intermediate supervision by generating auxiliary loss signals from
early feature maps. Encourages the backbone and neck to learn more discriminative and semantically rich
representations. By providing supplementary gradient paths, this branch mitigates vanishing gradients in
deep architectures, accelerates convergence, and promotes more effective weight updates. It consists of two
additional modules, i.e., CB Linear and CB Fuse blocks discussed in subsections.

1. CB-Linear: These blocks produce multiscale pyramid-like feature maps by projecting high-level seman-
tic features from the RepNCSPELAN of backbone. Each CB-Linear block can output multiple feature
sets with varying channel dimensions, capturing diverse semantic information across scales.

2. CB-Fuse: This block fuses high-level features of the CB-Linear blocks with low-level features of the
ADown blocks. By combining semantic richness with fine-grained detail, it improves the network’s
capacity to learn discriminative features, contributing to better interpretability and detection accuracy,
as shown in Fig. 2.

Head
This module is responsible for the final object detection stage, where it outputs bounding box

coordinates and class probabilities for indoor objects.

• Detect Blocks: Specialized for multi-scale prediction, these blocks process refined features from the
neck to detect indoor objects of various sizes such as chair, clock, and screen, etc. Each detect block
produces precise bounding boxes and classification outputs, ensuring high accuracy across different
spatial resolutions commonly encountered in indoor environments.

This work evaluates two variants of YOLOv9s: (1) a baseline configuration without albumentations and
(2) an optimized version incorporating albumentations for enhanced data augmentation. The latter variant,
termed fine-tuned YOLOv9 in subsequent sections.

4 Numerical Results

4.1 Evaluation Parameters
In this study, we employ a comprehensive set of performance metrics to evaluate the effectiveness of the

proposed methodology. The metrics are selected to quantify both classification performance and operational
robustness, as detailed below.

4.1.1 Confusion Matrix
The confusion matrix provides a systematic assessment of the classification performance in all classes.

For an n-class detection problem, the matrix M ∈ Rn×n quantifies the alignment between predicted and
ground-truth labels, where each element Mi j represents the count of class-i instances classified as class- j.
The diagonal elements (Mi i) correspond to correct classifications (true positives for each class), while the
off-diagonal elements indicate misclassification patterns.
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4.1.2 Accuracy
This metric quantifies global classification performance by measuring the proportion of correct

predictions among all instances and is given by

Accuracy = TP + TN
TP + TN + FP + FN

(1)

4.1.3 Precision
Assess the ability of the model to avoid false alarms, measuring the fraction of correctly predicted

positives among all predicted positives. Mathematically,

Precision = TP
TP + FP

(2)

In safety-critical applications such as autonomous navigation or medical diagnostics, high precision
(low false positive rate) is essential to prevent hazardous misclassifications.

4.1.4 Recall
Also known as the True Positive Rate (TPR), is the ability to correctly identify all relevant instances. A

high recall indicates that most of the actual positives were successfully retrieved.

Recall = TP
TP + FN

(3)

4.1.5 F1-Score
The F1 score provides a balanced evaluation metric by combining precision and recall through their

harmonic mean.

F1-Score = 2 × Recall × Precision
Recall + Precision

(4)

4.1.6 Mean Average Precision
It is a standard metric for object detection tasks, evaluating both classification accuracy and localization

quality, and is given by

mAP = 1
n

n
∑
k=1

apk (5)

where apk denotes the average precision of class k and n is the number of classes.

4.2 Results & Discussion
4.2.1 Simulation Setup

YOLOv7, YOLOv8, and YOLOv9 models were trained on the Kaggle platform using NVIDIA Tesla
P100 GPUs using 16 GB VRAM to perform object detection tasks. The TUT Indoor Dataset served as the
training set, and Kaggle’s GPU resources enabled efficient model development and rapid experimentation.
YOLO repositories were cloned into the Kaggle environment for seamless execution. Model performance
was evaluated on 2213 RGB images comprising 4599 annotated instances in 7 object classes, facilitating a
comprehensive comparison of the three YOLO architectures.
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4.2.2 Performance Evaluation of YOLO Models
1. Training & Validation Performance of YOLOv7: Fig. 3 presents the performance of the YOLOv7

model in 100 training epochs. During training, the box loss decreased from approximately 0.06 to
0.02, the objectness loss from 0.014 to 0.004, and the classification loss from 0.025 to 0.002, reflecting
progressive improvements in localization, confidence scoring, and classification accuracy.
The validation metrics showed a similar trend: the box loss dropped from 0.08 to 0.02, the classification
loss reduced from 0.025 to 0.005. Although the objectness loss exhibited early fluctuations, it converged
to a stable value over time around 0.009, indicating an effective generalization to unseen data.
Performance metrics also improved substantially. Precision and recall increased from approximately 0.2
and 0.2 to 0.9, respectively. The mean Average Precision (mAP) at IoU threshold 0.5 increased from
0.2 to 0.9, while mAP@0.5:0.95 improved from 0.2 to 0.8, demonstrating strong gains across varying
IoU thresholds.

2. Training & Validation Performance of YOLOv8: Fig. 4 illustrates the evolution of YOLOv8’s training
and validation metrics over 100 epochs. During training, box loss decreased from approximately 1.2 to
0.4, classification loss from 1.75 to 0.25, and distribution focal loss (DFL) from 1.2 to 0.8, reflecting steady
improvements in detection and localization performance.
The validation loss showed a consistent downward trend: the box loss decreased from 1.1 to 0.6
classification loss from 1.0 to 0.4, and the DFL from 1.25 to 0.95. These results highlight the strong
generalization of the model.
Performance metrics further reinforce this trend. Precision stabilized around 0.95, recall increased from
0.7 to 0.95, and mAP@0.5 rose from 0.8 to 0.95. mAP@0.5:0.95 improved from 0.55 to 0.85, indicating
robust detection performance across multiple IoU thresholds.

3. Training & Validation Performance of YOLOv9: Fig. 5 shows the training and validation performance
of YOLOv9 in 100 epochs. Training losses decreased consistently, with box loss decreasing from 1.8 to
0.8, classification loss from 5.0 to 0.8, and DFL from 2.0 to 1.2, indicating progressive learning across
all components.

Figure 3: Training and validation performance of YOLOv7.
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Figure 4: Training and validation performance of YOLOv8.

Figure 5: Training and validation performance of YOLOv9.

Interestingly, the validation box loss, classification loss, and DFL loss showed a steady downward
trend throughout the training process, with validation box loss decreasing from approximately 1.6 to 0.87,
classification loss from 3.3 to 0.4, and DFL loss from 2.0 to 1.3, indicating improved model generalization
and stable validation performance.

4.2.3 Precision Performance of YOLO Models
Fig. 6 presents the precision-confidence curves for the YOLO models. Among all object classes, the

chair class consistently showed the lowest precision (ranging from 0.925 to 0.983), indicating that it
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was the most challenging to detect. Although YOLOv9 generally outperformed the other models, it still
struggled with certain classes such as printer and chair. This variation highlights how object characteristics
can significantly impact detection performance. However, all YOLO variants demonstrated strong overall
precision, underscoring their effectiveness in object detection across diverse categories.

Figure 6: Precision–confidence curve comparison of models: (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

Table 4 compares the precision performance of YOLOv7, YOLOv8, YOLOv9, and a fine-tuned YOLOv9
model, which incorporates albumentations-based data augmentation and optimized settings. These models
were evaluated on a dataset containing 442 images and 1846 labeled objects across seven classes: chair,
clock, exit, fire extinguisher, printer, screen, and trash bin. Note that the dataset contains a total of 442
validation images shared across all 7 classes in an object detection setting, and since each image may include
multiple objects belonging to different classes simultaneously, it cannot be uniquely assigned to a single
class row as shown in Table 4. The precision remained high across all models, with YOLOv7 achieving
93.10%, YOLOv8 at 95.40%, YOLOv9 at 95.20%, and the fine-tuned YOLOv9 leading with 97.90%. The screen
class consistently achieved the highest precision (0.968–0.999), reflecting the strong ability of the models to
identify screens accurately.

Table 4: Class-wise precision comparison of YOLO models.

Class Images Labels YOLOv7 YOLOv8 YOLOv9 YOLOv9 (Fine-Tuned)
Chair 317 0.925 0.969 0.964 0.983
Clock 46 0.951 0.955 0.952 0.954

Exit Sign 108 0.929 0.953 0.972 0.960
Fire Extinguisher 442 356 0.962 0.991 0.989 0.991

Printer 14 0.845 0.904 0.860 0.985
Screen 31 0.968 0.962 0.957 0.999

Trash Bin 51 0.937 0.940 0.971 0.978

All 442 923 0.931 0.954 0.952 0.979

4.2.4 Recall Performance of YOLO Models
Fig. 7, a higher recall indicates that the model is detecting a higher number of true positive

instances. Table 5 summarizes the recall performance of YOLOv7, YOLOv8, YOLOv9 and fine-tuned
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YOLOv9 in seven object categories. Among the models, YOLOv7 achieves the highest overall recall of
0.980, demonstrating exceptional detection sensitivity, particularly in classes such as printer achieve a perfect
1.000, fire extinguisher 0.989, and clock 0.978. YOLOv9 and its fine-tuned variant follow closely with overall
recall scores of 0.960 and 0.961, respectively. Both versions of YOLOv9 maintain perfect recall in the
printer class and perform strongly in other categories such as clock, fire extinguisher, and screen. The fine-
tuned YOLOv9 model shows improved consistency, particularly with higher recall score, indicating a more
balanced detection performance.

Figure 7: Recall–confidence curve comparison of models: (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

Table 5: Class-wise comparison of recall.

Class Images Labels YOLOv7 YOLOv8 YOLOv9 YOLOv9 (Fine-Tuned)
Chair 317 0.975 0.888 0.933 0.888
Clock 46 0.978 0.978 0.978 0.978

Exit Sign 108 0.973 0.935 0.948 0.954
Fire Extinguisher 442 356 0.989 0.977 0.981 0.975

Printer 14 1.000 1.000 1.000 1.000
Screen 31 0.984 0.968 0.968 0.968

Trash Bin 51 0.961 0.928 0.961 0.961

All 442 923 0.980 0.953 0.960 0.961

YOLOv8, records the lowest overall recall of 0.953 among the four models. Although it performs well in
categories like clock, i.e., 0.978 and printer 1.000, it underperforms in chair 0.888 and trash bin 0.928, which
contributes to the lower overall recall. In contrast, YOLOv7 maintains superior recall across nearly all object
classes, especially where detection robustness is critical. The comparison reveals that while the YOLOv9
variants approach YOLOv7 in recall performance, YOLOv7 remains the most recall-optimized model across
diverse object classes, whereas YOLOv8 trades some recall for higher precision and mAP metrics.
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4.2.5 Mean Average Precision
Mean Average Precision (mAP) provides a more comprehensive evaluation by accounting for both false

positives and false negatives at varying confidence thresholds. As shown in Table 6, YOLOv9 and its fine-
tuned variant achieve the highest mAP@0.5 values of 0.990 and 0.991, respectively, indicating their strong
object localization capabilities. YOLOv8 follows closely with a score of 0.988, while YOLOv7 achieves a
slightly lower value of 0.985. Although the difference is marginal, these results suggest that the YOLOv9
models offer slightly more accurate detection at higher confidence thresholds.

Table 6: Mean average precision (mAP@0.5) comparison for the YOLO models.

Class Images Labels YOLOv7 YOLOv8 YOLOv9 YOLOv9 (Fine-Tuned)
Chair 317 0.985 0.983 0.990 0.988
Clock 46 0.972 0.980 0.987 0.983
Exit 108 0.990 0.991 0.990 0.991

Fire Extinguisher 442 356 0.994 0.993 0.994 0.994
Printer 14 0.990 0.995 0.995 0.995
Screen 31 0.987 0.993 0.993 0.993

Trash Bin 51 0.978 0.984 0.985 0.989

All 442 923 0.985 0.988 0.990 0.991

When evaluated using the stricter mAP@0.5:0.95 metric as shown in Table 7, which averages precision
across a range of IoU thresholds, fine-tuned YOLOv9 again leads with a score of 0.887, outperforming
all other models. YOLOv8 achieves the second highest mAP@0.5:0.95 at 0.860, followed by YOLOv9 at
0.860 and YOLOv7 at 0.838. These results indicate that while YOLOv7 is optimized for recall, the fine-
tuned YOLOv9 model demonstrates the most balanced performance, combining high precision, strong
localization accuracy, and consistent detection across a wide range of IoU thresholds. YOLOv8 also performs
competitively, especially in object classes such as chairs and screens, where it achieves some of the highest
class-level mAP scores.

Table 7: Mean average precision (mAP@0.5:0.95) comparison for the YOLO models.

Class Images Labels YOLOv7 YOLOv8 YOLOv9 YOLOv9 (Fine-Tuned)
Chair 317 0.842 0.880 0.873 0.871
Clock 46 0.839 0.866 0.863 0.883
Exit 108 0.836 0.865 0.837 0.880

Fire Extinguisher 442 356 0.842 0.865 0.831 0.887
Printer 14 0.872 0.867 0.888 0.884
Screen 31 0.879 0.879 0.897 0.918

Trash Bin 51 0.757 0.808 0.801 0.881

All 442 923 0.838 0.860 0.860 0.887

4.2.6 F1-Confidence Curve
Fig. 8 illustrates the variation in the F1-score with respect to the confidence threshold in the YOLO

models evaluated. The F1-score representing the harmonic mean of precision and recall, serves as a balanced
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metric for assessing detection performance. For YOLOv7, the optimal confidence threshold is identified as
0.549, resulting in a maximum F1-score of 0.95, as shown in Fig. 8a. Similarly, YOLOv8 achieves its highest F1-
score of 0.95 at a higher threshold of 0.755 (Fig. 8b). In contrast, the fine-tuned YOLOv9 model demonstrates
the most favorable performance, achieving a maximum F1-score of 0.97 at an optimal threshold of 0.683, as
shown in Fig. 8c.

Figure 8: F1-confidence curve comparison of models: (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

The superior F1-score of the fine-tuned YOLOv9 indicates an improved balance between precision
and recall, reflecting its effectiveness in reducing both false positives and false negatives. Moreover, the
model reaches this performance at a moderate confidence level, suggesting greater stability and adaptability
under various detection conditions. Compared to earlier versions, the fine-tuned YOLOv9 exhibits notable
advancements in detection accuracy and robustness, confirming the benefits of model refinement through
targeted fine-tuning.

4.2.7 Precision-Recall Curve
Fig. 9 presents the Precision-Recall (PR) curves for the YOLOv7, YOLOv8, and YOLOv9 models,

evaluated at an IoU threshold of 0.5. These curves reflect the trade-off between precision and recall across
varying confidence thresholds and are used to compute the mean Average Precision (mAP). The YOLOv9
achieved the highest overall mAP of 99.1%, with class-wise scores of 98.8% for chair, 98.3% for clock, 99.1% for
exit sign, 99.4% for fire extinguisher, 99.5% for printer, 99.3% for screen, and 98.9% for trash bin, indicating
superior detection accuracy.

The standard YOLOv9 also performed well, achieving an overall mAP of 99.0% with comparable class-
wise performance. YOLOv8 followed with an overall mAP of 98.8%, demonstrating strong consistency,
particularly for printer and screen detection. YOLOv7 achieved an mAP of 98.5%, performing especially
well in the exit and fire extinguisher categories. Although the fine-tuned YOLOv9 outperforms the others
marginally1, all models exhibit, robust high-precision object detection across categories.

4.2.8 Confusion Matrix
Fig. 10 presents the performance of YOLOv7, YOLOv8 and YOLOv9, which was evaluated at a con-

fidence threshold of 0.25 and an IoU threshold of 0.45, showing high accuracy across object categories.
As shown in Fig. 10a YOLOv7 achieved a near-perfect accuracy of 0.99 for most classes, with a flawless

1Results not shown here for brevity purpose.
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performance of 1.00 for the printer and screen and a slight lower for the trash bin at 0.96. Similarly, Fig. 10b
shows the performance of the YOLOv8 model and has a similar accuracy, but the chair error rate increases
to 0.60, while the screen and the printer remained nearly flawless at 0.04 and 0.01, respectively. YOLOv9
maintained competitive performance as shown in Fig. 10c, with perfect accuracy for the chair and the printer,
i.e, 1.00, and a slightly reduced accuracy of 0.93 for the screen and 0.95 for the trash bin. Overall, all
models demonstrate strong classification performance, with YOLOv7 and YOLOv8 outperforming YOLOv9
in accuracy and error rates, although YOLOv9 remained highly reliable.

Figure 9: Precision-recall curve comparison of models: (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

Figure 10: Comparison of confusion matrix for models: (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

Figs. 11 and 12 illustrate the visual output of the validation and prediction batches, respectively, for the
YOLOv7, YOLOv8, and YOLOv9 models applied to the indoor object detection. Batch processing improves
computational efficiency and inference speed by enabling the detection of multiple objects across several
images simultaneously. The validation batches in Fig. 11 display the original indoor scenes containing various
target objects, while the prediction batches in Fig. 12 demonstrate the ability of the models to detect and
classify these objects accurately after training. The consistent and precise predictions across all three models
confirm the robustness and real-time effectiveness of the YOLO series for indoor object detection tasks.

4.2.9 Detection Time
Table 8 presents the inference time and frames-per-second (FPS) performance of the YOLOv7,

YOLOv8s, YOLOv9s, and YOLOv9 (fine-tuned) models evaluated on a 217 frame video sequence. Among
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the models, YOLOv8s demonstrates the highest processing speed, achieving 90.09 FPS with an inference
time of 11.1 milliseconds. YOLOv7 follows with a frame rate of 77.96 FPS at 12.82 milliseconds. The fine-
tuned YOLOv9 model processes the video at 40.65 FPS with an inference time of 24.6 milliseconds, while
YOLOv9s exhibit the lowest performance, reaching only 35.71 FPS in 28 milliseconds. Note that a higher
processing speed does not inherently imply better detection accuracy. In some cases, slower models may
yield more accurate results. Therefore, selecting an object detection model requires a balanced consideration
of both inference speed and detection accuracy, depending on the application’s real-time requirements and
performance goals.

Figure 11: Validation batch results for indoor object detection using (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

Figure 12: Prediction batch results for indoor object detection using (a) YOLOv7, (b) YOLOv8, and (c) YOLOv9.

4.3 Ablation Study & Comparative Analysis
Table 9 presents a systematic ablation study conducted with a fixed input size of 640 × 640 and batch size

of 8, to quantify the contribution of individual training components within the YOLOv9 pipeline. Specifically,
the analysis isolates the effects of activation functions, optimizer choice, data augmentation strategies, loss
functions, and mosaic scheduling under a controlled experimental setting, where only one factor is varied
at a time.
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Table 8: Detection time of YOLO variants.

Model Frames Inference (ms) FPS
YOLOv5 [31] x 15 x
YOLOv7 [31] x 12 x

YOLOv7 217 12.82 77.96
YOLOv8s 217 11.1 90.09
YOLOv9s 217 28 35.71

Fine-Tuned-YOLOv9s 217 24.6 40.65

Table 9: Ablation study of YOLOv9 training configurations.

Experiment Activation Opt. Aug. Close
Mosaic Loss Precision Recall mAP@0.5 mAP

@0.5:0.95
Baseline SiLU SGD Yes Enabled CIoU 0.952 0.960 0.990 0.860

ReLU ReLU SGD Yes Enabled CIoU 0.948 0.972 0.987 0.830
Adam SiLU Adam Yes Enabled CIoU 0.934 0.974 0.985 0.838

No Aug. SiLU SGD No Enabled CIoU 0.960 0.961 0.986 0.863
MPDIoU SiLU SGD Yes Enabled MPDIoU 0.962 0.974 0.980 0.854

MPDIoU + No Aug. SiLU SGD No Enabled MPDIoU 0.961 0.969 0.989 0.863
MPDIoU + No Mosaic SiLU SGD Yes Disabled MPDIoU 0.971 0.966 0.990 0.857

Final Model SiLU SGD Yes Disabled CIoU 0.979 0.961 0.991 0.887

Replacement of the Sigmoid Linear Unit (SiLU) with the Rectified Linear Unit (ReLU) results in a clear
performance degradation, i.e., mAP@0.5:0.95= 0.86, which was reduced to mAP@0.5:0.95= 0.83, confirming
the benefit of smoother nonlinear activations for stable gradient propagation and feature representation.
Similarly, substituting SGD with Adam leads to reduced performance, indicating that SGD offers superior
generalization and convergence stability for this detection task.

Interestingly, removing data augmentation yields a marginal improvement, i.e., mAP@0.5:0.95 = 0.86
and improved to mAP@0.5:0.95 = 0.863, suggesting that aggressive augmentation may introduce distribu-
tional noise rather than useful variability for this dataset. In addition, MPDIoU loss improves recall in certain
configurations but does not consistently enhance mAP@0.5:0.95, revealing a trade-off between localization
sensitivity and overall detection precision, as well as an interaction with augmentation strategies.

Finally, modifying mosaic scheduling by disabling close_mosaic improves precision and leads
to a more stable convergence behavior. Integrating these observations, the final optimized configura-
tion (SiLU + SGD + CIoU + adjusted mosaic scheduling) achieves the best overall performance, i.e.,
mAP@0.5:0.95 = 0.887. Table 9 presents the summary of the experiments that were conducted to find an
optimized fine-tune version of YOLOv9. These results demonstrate that the proposed approach is not defined
by a single modification but rather by a systematically optimized combination of training components, where
performance gains arise from their interaction rather than architectural changes alone.

Table 10 compares several detection models. Among earlier models, SSD MobileNet led with a mAP@0.5
of 97.73%, closely followed by Faster RCNN with ResNet50 at 96.54%, and Faster RCNN with ResNet101 at
95.06%. RetinaNet with ResNet50 achieved balanced performance with an mAP@0.5 of 96.60%. YOLOv7
attained 98.5% mAP@0.5 and 83.8% mAP0.5-0.95, YOLOv8 improved precision and recall with 98.8%
mAP@0.5 and 86% mAP0.5-0.95, and YOLOv9 further advanced results with up to 99.1% mAP@0.5 and
88.7% mAP0.5-0.95 in its optimized version. The optimized YOLOv9 model outperformed all the other
models in accuracy and effectiveness.
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Table 10: Comparison of the YOLO models.

Model Precision Recall mAP@0.5 mAP@0.5-0.95
SSD MobileNet [5] x x 97.73 x
Faster RCNN [5] x x 96.54 x
Faster RCNN [5] x x 95.06 x

RetinaNet [5] x x 96.60 x
YOLOv7 0.931 0.98 0.985 0.838
YOLOv8s 0.954 0.953 0.988 0.86
YOLOv9s 0.952 0.96 0.99 0.86

YOLOv9s (Fine Tune) 0.979 0.961 0.991 0.887

5 Conclusion
Indoor object detection presents critical challenges such as occlusions, varying illumination, and

cluttered environments, where real-time performance and high accuracy are essential for applications
including assistive navigation, autonomous robotics, and safety monitoring systems. This study provides
a systematic evaluation of YOLOv7, YOLOv8s, and YOLOv9s in the TUT Indoor dataset and extends
beyond standard benchmarking by introducing fine-tuned YOLOv9s consisting of an optimized training
strategy based on albumentations. To our knowledge, this includes one of the first systematic evaluations
of YOLOv9 in this dataset under controlled optimization settings. Experimental results demonstrate that
fine-tuned YOLOv9s consistently outperform baseline YOLOv9s in all evaluation metrics, achieving a
precision of 97.9%, recall of 96.1%, mAP@0.5 of 99.1%, and mAP@0.5:0.95 of 88.7%. These results confirm the
effectiveness of systematic optimization in improving detection robustness in complex indoor environments.
In terms of computational efficiency, YOLOv8s achieves the highest processing speed 90 FPS, 11.1 ms
inference time, making it suitable for ultra-low-latency applications. In contrast, the fine-tuned YOLOv9s
achieve a balanced trade-off between accuracy and efficiency with an inference speed of 40.65 FPS, making
it more suitable for accuracy-sensitive real-time deployments. The results highlight that carefully designed
training strategies can significantly enhance detection performance without architectural modifications and
that the proposed fine-tuned YOLOv9s offer a strong balance between accuracy, robustness, and real-time
efficiency for indoor object detection systems.
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