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Abstract: Indoor visual positioning in complex indoor spaces requires reliable classification and detection under changing
lighting, occlusion, and multi-category interference. To enhance recognition accuracy and real-time performance, a visual
orientation system, integrating multi-feature fusion, incremental learning, and a regional proposal detection mechanism, is
developed. Deep convolutional, gradient structural features, and texture descriptors are fused to enhance scenario
representation, while incremental learning enables category expansion without degrading existing recognition ability. The
regional proposal detection module improves target localization and boundary fitting in cluttered indoor layouts.
Experimental results on the SUN RGB-D dataset show that the classification model achieves an accuracy of 0.92, a
precision of 0.91, a recall of 0.90, an Fl-score of 0.91, and a frame rate of 48 frames per second. The detection model
achieves an accuracy of 0.94, a precision of 0.92, an Intersection over Union (IoU) score of 0.83, and a processing speed
of 38 frames per second. These findings demonstrate that the proposed model achieves a strong balance between
recognition performance and operational efficiency, offering practical support for indoor navigation and spatial orientation
in dynamic environments.

Keywords: Incremental learning, multi-feature fusion, support vector machine, regional proposal network, visual
communication design.
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1. Introduction

Modern urban spaces are developing rapidly, resulting in large public buildings, transportation hubs, and integrated
commercial complexes that feature complex structures and diverse functions. The demand for efficient and intuitive visual
communication orientation systems among personnel in such environments is becoming increasingly prominent. Indoor
orientation is not only a crucial component of spatial organization but also a vital link to enhancing user experience and
safety (Kyle and Downs, 2025). In traditional environments, orientation systems often rely on text, symbols, and manually
designed signs to achieve this. However, in scenarios with large spatial scales, dense functional zoning, and frequent
personnel flow, a single static symbol often fails to meet the practical needs of crowds for fast positioning, path recognition,
and target search (Bouchner et al., 2024). Image recognition and pattern classification technology provides new
opportunities for the development of indoor visual communication systems. By automatically recognizing symbols, objects,
and scenarios in images, directional signs and environmental information are analyzed in real-time, providing users with
more accurate positioning and path planning. However, traditional image classification and detection methods often rely
on manual feature extraction, such as directional gradient histograms and Local Binary Patterns (LBP). These methods
exhibit limited performance in situations involving lighting changes, complex backgrounds, and target diversity, often
resulting in insufficient recognition accuracy and poor generalization capabilities. Some researchers have conducted
research on indoor visual communication. Xing et al. (2024) proposed a splicing tampering detection model with a dual-
channel enhanced attention mechanism to effectively detect tampered areas in power image splicing, addressing issues
such as tampered edge features and poor detection due to a lack of datasets. The research results showed that this method
was superior to current models, with improvements in the evaluation index ranging from 1% to 31% and enhanced
robustness. Lahoti et al.023) proposed a feature detection method that combined adaptive sampling techniques with a
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Convolutional Neural Network (CNN) to detect sparse features of interest. The adaptive sampling explored high-
dimensional inputs and utilized regions of interest, while the CNN determined the possibility of feature existence to guide
sampling. The research results indicated that this method reduced evaluation time and data processing complexity, while
effectively identifying the required features. However, these methods all have low efficiency. Therefore, the research
proposes an indoor environment classification model that combines incremental learning and multi-feature fusion. This
method combines deep convolutional features, directional gradient features, and LBP features to form a more
comprehensive representation of features. Principal Component Analysis (PCA) reduces feature redundancy, and Support
Vector Machine (SVM) is used for classification to improve the generalization ability and robustness. This research aims
to provide practical and feasible solutions for indoor visual communication orientation systems. Compared with existing
hybrid frameworks such as CNN-SVM classification models and RPN-based object detectors, the proposed approach
introduces two key advancements. First, the multi-feature fusion mechanism combines deep convolutional features,
gradient-based structural cues, and illumination-robust texture descriptors, forming a richer representation space than
conventional CNN-only pipelines. Second, the incremental learning strategy enables continual adaptation to new indoor
scenario categories without catastrophic forgetting, which is not supported in traditional static CNN-SVM or RPN
architectures. These two enhanced functions are integrated into a unified classification detection system, which achieves
higher adaptability and stability in constantly changing indoor environments, significantly different from previous hybrid
methods.

2. Methods
2.1. Indoor Environment Classification Model based on Multi-Feature Fusion SVM

In modern public buildings and large-scale complexes, indoor visual communication orientation systems have become an
important tool for improving space utilization efficiency and user experience. With the increasing complexity of spatial
structures, a single text or symbol often fails to satisfy fast positioning and path recognition in unfamiliar environments
(Everett et al., 2025). Traditional image classification methods rely on manual feature extraction, which makes it difficult
to account for complex factors such as lighting changes, background interference, and target diversity, resulting in
insufficient adaptability in dynamic environments. Therefore, an indoor environment classification model based on multi-
feature fusion is proposed. As a classification stage in indoor visual communication orientation systems, this model first
establishes a feature extraction model based on Visual Geometry Group (VGG) 16, as shown in Fig. 1.
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Fig. 1. VGG16 network model diagram

In Fig. 1, VGG16 mainly consists of five sets of convolution modules and three fully connected layers. The
convolutional part utilizes 3x3 convolution kernels and extracts feature maps of dimensions 64, 128, 256, and 512 at various
levels. To optimize the expressive power of high-level semantic features, both 256-dimensional and 512-dimensional
convolution groups achieve deep information extraction through multiple stacking (Kusukawa 2023; Wibisono et al., 2025).
The convolution output is flattened and input into three 4,096 dimensional fully connected layers, which are finally mapped
to the target category space through a Softmax classifier. The convolution operation is presented in Eq. (1).
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In Eq. (1), F; , represents the response value of the & -th convolution kernel at position (i, /). wk signifies the

i,j m,n
convolution kernel weight. X, +m,j+n  Signifies the pixel value of the input feature map. b* signifies the bias term. The

fully connected layer implements linear mapping of high-dimensional features, as presented in Eq. (2).
d
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In Eq. (2), x, signifies the input feature vector. W, signifies the connection weight. b, signifies the bias. Z;
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signifies the output of the neuron. In the final classification stage, the Softmax function is used to convert the linear output
into a class probability distribution, as expressed in Eq. (3).

Z,
e
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In Eq. (3), z, represents the score of category ¢. C signifies the total categories. P(y =c|z) is the probability

that the sample belongs to ¢ . Through the hierarchical feature extraction and nonlinear mapping mechanism mentioned
above, VGG16 achieves a hierarchical representation of features, progressing from low-level textures to high-level
semantics, thereby providing high-precision modeling capabilities for image recognition and classification tasks.

The multi-layer, small convolution kernel structure of VGG16 enables it to capture features from low-level textures to
high-level semantics in a step-by-step manner. However, this model also has obvious shortcomings. First, its parameter
scale is large, and the training and updating costs are high, making it difficult to retrain frequently in dynamic environments.
In addition, VGG16 belongs to the static learning paradigm, and once trained, it cannot efficiently adapt to the addition of
new categories or samples. If additional training is directly applied, it often leads to forgetting, meaning the model loses
its ability to recognize old tasks while learning new knowledge (Lim et al., 2025; Wang et al., 2024). To address this
challenge, the study introduces an incremental learning mechanism. Incremental learning can gradually absorb new data
without forgetting old knowledge. To address this, specific strategies were combined, such as freezing low-level
convolutions, fine-tuning high-level classifiers, knowledge distillation, and sample replay to achieve continuous
optimization and adaptive updating of the model. To stably integrate new scenario categories, the incremental learning
mechanism adopts three complementary strategies. First, low-level convolutional layers are frozen to retain previously
learned edge, texture, and structural representations, preventing degradation of foundational feature extraction. Second,
knowledge distillation is applied to transfer the response characteristics of the original model to the updated classifier,
ensuring that newly learned categories do not overwrite past decision boundaries. Third, a sample replay buffer stores a
compact set of representative instances from prior classes, allowing the system to rehearse past distributions during
incremental updates. The combination of these strategies mitigates catastrophic forgetting, reduces retraining overhead,
and preserves long-term classification stability in evolving indoor environments. Unlike conventional CNN-SVM
frameworks, which require full retraining when new scenario categories are introduced, the incremental learning
mechanism preserves prior decision boundaries while incorporating new samples, thereby eliminating model degradation
and reducing retraining costs. To reduce the dimensionality of features, eliminate redundant information, and preserve core
features, PCA reduces the dimensionality of the feature matrix, providing more concise feature inputs for classification
models. The specific process of PCA dimensionality reduction is shown in Fig. 2.
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Fig. 2. PCA dimensionality reduction process

In Fig. 2, the PCA data dimensionality reduction process comprises five steps: data standardization, calculation of the
covariance matrix, feature decomposition, principal component selection, and feature mapping. First, the original feature
matrix is standardized to eliminate the influence caused by different dimensions and numerical ranges. Subsequently, the
covariance matrix is calculated to analyze the correlation between each feature. Third, by performing eigenvalue
decomposition on the covariance matrix, feature vectors and their corresponding feature values are obtained to characterize
the direction and the importance of each principal component (Li et al., 2025). Fourth, based on the cumulative variance
contribution rate, a threshold is set to screen key principal components and achieve effective feature selection. Finally, the
original data is mapped to a new space composed of the selected principal components to generate a dimensionality-reduced
feature matrix. The dimensionality reduction process is shown in Eq. (4).

Z=W'F 4



Journal of Engineering, Project, and Production Management, 2026, 16(3), 2025-232

In Eq. (4), Z represents the reduced-dimensional feature matrix. /' represents the feature matrix. W represents
the principal component matrix. After completing the dimensionality reduction process, an SVM classification model is
constructed based on the reduced feature data to accurately classify different feature dimensions. The optimal hyperplane
classification process of SVM is shown in Fig. 3.
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Fig. 3. Schematic diagram of SVM optimal hyperplane

In Fig. 3, the left figure represents the distribution of the original data, with blue triangles and light blue stars
representing two types of samples. The two types of data exhibit discrimination in a two-dimensional space, but the
boundaries are not clearly defined. The right figure shows the process of introducing the optimal hyperplane into SVM for
classification, where the red line represents the classification boundary, which can effectively separate samples of different
categories (Nahman-Averbuch et al., 2023; Wang, 2025). The SVM is to find a boundary that maximizes the distance
between two types of samples, improving the generalization ability while ensuring correct classification. In this process,
the few sample points located on the boundary are called support vectors, which directly determine the position and
direction of the hyperplane, while other points far from the boundary have little effect on the result. Fig. 4 presents the

model structure.
1
=X

Extract CNN
Features

Dataset
EF . M- v
! Classifier

Tramm
ExiactHOG Multi-feature

Dataset Fusion
Features 4

Recognition
Result

Testing

Extract LBP
Features

Fig. 4. Indoor visual recognition process based on multi-feature fusion and SVM classification

As shown in Fig. 4, the training data set extracts three types of features: VGG16, directional gradient histogram, and
LBP. VGG16 can capture deep semantics and spatial structures, while the Histogram of Oriented Gradients (HOG)
highlights the edges and gradient distribution of the target. LBP effectively characterizes local textures and remains stable
under lighting changes. The three types of features have their own advantages. After fusion, they form a more
comprehensive image expression that includes high-level semantic information while retaining detailed features. The data
during the testing phase also undergoes feature extraction and fusion processing to ensure consistency with the feature
space during the training phase. The fused features are input into an SVM classification, and its maximum interval
discrimination principle is used to achieve accurate partitioning in high-dimensional space, resulting in good generalization
ability and stability. The final output recognition result accurately recognizes indoor visual objects.

2.2. Indoor Object Detection Model based on RPN

The classification method based on multi-feature fusion and SVM has achieved fine recognition of indoor objects. However,
this method relies on segmented or cropped target regions and cannot directly locate objects in complex scenarios, limiting
the overall performance in practical applications. To address this challenge, it is necessary to introduce an efficient object
detection mechanism into the indoor visual communication orientation system, which seamlessly integrates the generated
candidate regions with subsequent classification. Regional Proposal Network (RPN), as a crucial component of deep
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learning object detection, can quickly generate high-quality candidate boxes in an end-to-end framework and share
convolutional features with subsequent classifiers, thereby significantly improving detection efficiency and accuracy
(Wang, 2025; Liu and Kim, 2025). Therefore, an indoor object detection model is constructed based on RPN. RPN is a
deep learning structure used for object detection, whose core task is to automatically generate candidate regions from the
entire image that may contain the target. RPN, through end-to-end training, directly predicts the position and target score
of candidate boxes based on shared convolutional feature maps, greatly improving detection speed and accuracy. Although
RPN-based detectors have been widely applied, their performance in indoor navigation contexts is often constrained by
limited by a lack of adaptive scenario expansion. The proposed system differs by coupling RPN detection with a fused
feature representation and incremental category expansion, enabling more stable boundary localization under occlusion,
clutter, and signage variability. Fig. 5 presents the structure.

Predict

Predict

Fig. 5. RPN structure diagram

In Fig. 5, the input image is processed by a CNN to extract multiple layers of feature maps, which contain low-level
detail information and high-level semantic information. RPN produces a series of anchor boxes with different scales and
aspect ratios at each feature map position, and uses convolution operations to predict whether each anchor box contains the
target and the corresponding bounding box regression parameters (Zhang and Su 2025; Ma et al., 2024). In the enlarged
module, double up-sampling is used to align the spatial resolution of high-level and low-level features. Then, the
convolutional layer is used to compress and map the channel dimension, ultimately achieving feature fusion and predicting
candidate boxes. The classification score can be expressed in Eq. (5).

p;=o(w, f;+b,) ()

In Eq. (5), p, signifies the probability that the i-th anchor box is the target. o is the Sigmoid function. w,

signifies the classification weight. f, signifies the corresponding feature vector. b

c

signifies the bias term. The
expression for the bounding box regression process is shown in Eq. (6).

t.=w f+b, (6)

In Eq. (6), ¢, signifies the bounding box regression parameter. w, and b, are the regression weight and bias,

respectively. The loss function is optimized by combining classification and regression, as expression is shown in Eq. (7)
(Heggli et al., 2023; Weber-Lewerenz and Traverso, 2023).
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InEq.(7), p; represents the true label. L, signifies the classification loss. L, signifies the regression loss. N,

cls
and N, signify normalization factors. A is the balance parameter. Through end-to-end feature sharing, up-sampling

alignment, and convolutional prediction, RPN can generate high-quality candidate regions, significantly improving
detection efficiency and accuracy. The process of the indoor object detection model, based on RPN, is shown in Fig. 6.

In Fig. 6, the input image is first preprocessed, including denoising, normalization, and re-sizing, to ensure image
quality and a unified data format. Then, candidate regions are generated through the RPN, automatically generating high-
quality candidate boxes on the feature map, which then provides possible target positions for subsequent detection. After
obtaining candidate regions, feature extraction is performed on each region, and the extracted features contain both low-
level texture and edge information, as well as high-level semantic information, thereby achieving a multi-dimensional
representation of objects. These features are input into the classifier to distinguish between target and non-target regions in
the candidate area, and the object category is determined. The final output detection result provides the category and
location of the target in the indoor scenario.
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Fig. 6. Process of indoor object detection model based on RPN

In summary, the system designs a comprehensive process, spanning classification to detection, for indoor visual
communication orientation tasks. It comprehensively utilizes multi-feature fusion, incremental learning, and SVM
classification to achieve environment recognition, and introduces an RPN to improve object detection accuracy and
efficiency. In the classification stage, the system integrates deep semantic features of CNN, edge information of HPG, and
texture expression of LBP, combined with PCA for feature dimensionality reduction, and finally achieves high-precision
classification through SVM. In the detection phase, the system generates high-quality candidate boxes through RPN and
shares features with the classifier, achieving fast detection and accurate boundary fitting in complex scenarios.

3. Results
3.1. Performance Analysis of Indoor Environment Classification Model based on Multi-Feature Fusion SVM

The experimental environment configuration used in the study, includes an Intel Core i7-10700K processor, 32GB of
memory, and NVIDIA RTX 3080 graphics card. The study takes the SUN RGB-D public dataset, which contains
approximately 10,000 RGB-D images collected from various depth sensors, such as Kinect v2, Intel RealSense, and
structured light cameras, covering typical indoor environments such as bedrooms, living rooms, kitchens, offices, and
shopping malls. This dataset not only provides RGB color images but also provides depth maps and camera pose
information. Each image is accompanied by precise object bounding boxes and semantic annotations, covering over 700
types of indoor objects, including tables, chairs, doors, windows, display screens, beds, and more, meeting the multi-task
requirements of object detection, semantic segmentation, and scenario recognition. In this experiment, 8,000 images were
used for model training, and 2,000 images were used for testing, corresponding to an 80/20 train-test split. The dataset
encompasses 45 indoor scenario classes and includes more than 700 labeled object categories. To improve robustness under
lighting variations, occlusion, and cluttered environments, data augmentation techniques were adopted, including random
rotation (£15° ), horizontal flipping, Gaussian noise injection, brightness scaling (+20%), and perspective distortion. These
augmentation strategies ensured sufficient intra-class diversity and reduced over-fitting during model learning.

The SVM classifier was configured using a radial basis function kernel. The penalty strength was set to 10, while the
kernel scaling factor was set to 0.001. The convergence tolerance was set to 0.0001. A grid search procedure combined
with five-fold cross-validation was used to determine the most suitable parameter combination, ensuring balanced precision
and recall across indoor scenario categories. For the regional proposal component, anchor sizes were defined at 64, 128,
and 256 pixels, with aspect ratios of 1:1, 1:2, and 2:1. The learning rate was initialized at 0.001, with a batch size of 64,
momentum set to 0.9, and regularization strength set to 0.0005. The model was trained for 120 epochs with early stopping
to prevent overfitting. Non-maximum suppression was applied using an overlap threshold of 0.7 to refine bounding box
proposals. The study selects CNN-SVM and HOG-SVM as comparison models, as presented in Fig. 7.
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Fig. 7. Changes in accuracy and RMSE

Fig. 7(a) shows the accuracy change for different models as the number of iterations increases, while Fig. 7(b) shows
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the Root Mean Square Error (RMSE) changes during the iteration process. According to Fig. 7(a), the VGG16-SVM
achieved the highest accuracy of 0.95 after approximately 300 iterations, which was better than that of other models. Deep
CNN can extract more discriminative high-level semantic features and achieve strong classification performance when
combined with SVM. After about 400 iterations, the CNN-SVM model achieved an accuracy of 0.91, which was inferior
to that of VGG16-SVM but significantly better than that of HOG-SVM. This indicates that convolutional features are more
robust than traditional gradient features in complex indoor environments. The accuracy of the HOG-SVM model remained
around 0.89 throughout the entire process, indicating that relying solely on low-level gradient features is difficult to fully
cope with changes in lighting and interference from multiple objects, thus limiting its classification performance. As shown
in Fig. 7(b), the VGG16-SVM converged to 0.09 after about 300 iterations, with the lowest error, reflecting its advantages
in feature expression and classification boundary determination. The final RMSE of CNN-SVM model was 0.12, slightly
higher than that of VGG16-SVM, but still better than that of HOG-SVM. The error of HOG-SVM ultimately stabilized at
around 0.17. The proposed model has excellent performance. The performance under different data volumes is analyzed,
as presented in Fig. 8.
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Fig. 8. Comparison of classification accuracy and running time

Fig. 8(a) shows the classification accuracy under different data volumes, while Fig. 8(b) compares the running time. In
Fig. 8(a), as the data volume increases, the accuracy of all three models exhibits an upward trend. The VGG16-SVM
consistently demonstrated the best performance, achieving an accuracy of 0.82 at a data volume of 1,000 and further
improving to 0.92 at 5,000, indicating that its deep convolutional features possess strong expressive and generalization
abilities in indoor object classification tasks. The accuracy of CNN-SVM was 0.75 when the data volume was 1,000,
gradually improving with the increase of data, reaching 0.87 at 5,000. Although its performance is not as good as VGG16-
SVM, it has significantly improved compared with traditional feature models. The accuracy of HOG-SVM was only 0.68
at 1,000, and even when the data size was expanded to 5,000, it was only 0.81. From Fig. 8(b), the computation time of
HOG-SVM was consistently the highest, at 1.2 seconds for 1,000 data points, and increased to 3.5 seconds as the data
volume grew to 5,000, indicating that manual feature extraction computation is computationally intensive and its scalability
is poor with data growth. The CNN-SVM took 0.9 seconds at 1,000 and 1.9 seconds at 5,000, demonstrating relatively
high computational efficiency. The VGG16-SVM took 0.8 seconds at 1,000 and only 1.2 seconds even at 5,000. In
summary, the VGG16-SVM has low time consumption while ensuring the highest accuracy. The comprehensive
performance is analyzed, as presented in Table 1.

Table 1. Comprehensive performance analysis of the model

Model HOG-SVM CNN-SVM VGG16-SVM
Accuracy 0.81 0.87 0.92
Precision 0.79 0.86 0.91

Recall 0.76 0.84 0.90
Fl-score 0.77 0.85 0.91

AUC 0.84 0.90 0.95

RMSE 0.17 0.12 0.09

Training time/s 3.5 1.9 1.2
Inference speed (FPS) 25 40 48

The selected metrics provide complementary perspectives on model performance. Accuracy reflects the overall
correctness of classification decisions, while precision measures the proportion of correctly identified target classes among
predicted positives, indicating reliability in situations where misclassification incurs a cost. Recall evaluates the ability to
correctly capture true instances of indoor scenario categories, which is essential in environments where missed detections
affect navigation usability. The Fl-score balances precision and recall and is particularly meaningful when class
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distributions are uneven. The area under the curve measures discrimination capability across thresholds, demonstrating
robustness under varying confidence settings. The root mean square error expresses the deviation between predicted and
annotated labels, providing a quantitative indicator of prediction consistency. Finally, the number of processed frames per
second reflects real-time capability, which is essential for deployment in dynamic indoor spaces with continuous user
movement. According to Table 1, the VGG16-SVM performed the best overall in all indicators, followed by CNN-SVM,
while HOG-SVM performed relatively weakly. In terms of classification accuracy, the VGG16-SVM achieved an accuracy
of 0.92, significantly higher than that of CNN-SVM (0.87) and HOG-SVM (0.81). This indicates that deep convolutional
features can effectively extract high-level semantic information in complex indoor environments, improving overall
classification performance. For recall and F1-score indicators, the VGG16-SVM achieved 0.90 and 0.91, respectively, both
outperforming those of CNN-SVM (0.84 and 0.85) and HOG-SVM (0.76 and 0.77), indicating that the model has more
substantial advantages in reducing missed detections and balancing precision and recall. In terms of AUC value, the
VGG16-SVM achieved 0.95, surpassing that of CNN-SVM (0.90) and HOG-SVM (0.84), which reflects its advantage in
maintaining a stable discriminative ability across different thresholds. The RMSE of VGG16-SVM was only 0.09, which
was lower than that of CNN-SVM (0.12) and HOG-SVM (0.17), further proving that its prediction results are closer to the
true values. In summary, the VGG16-SVM achieves the best performance in terms of accuracy, robustness, and efficiency.

3.2. Performance of Indoor Object Detection Model based on RPN

To investigate the performance, Fast Region-based CNN (Fast R-CNN) and Single Shot MultiBox Detector (SSD) are
compared, as presented in Fig. 9.
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Fig. 9. Accuracy and time consumption of various models

Fig. 9(a) illustrates the changes in accuracy during the iteration process, and Fig. 9(b) shows the time consumption.
According to Fig. 9(a), as the iteration increased, the accuracy of all three models gradually improved. The RPN model
performed most outstandingly, with an accuracy close to 0.95 at 500 iterations, surpassing that of Fast R-CNN (0.89) and
SSD (0.85). This indicates that RPN has higher accuracy and robustness in generating candidate regions and can more
effectively extract features of diverse objects in indoor environments. The accuracy of Fast R-CNN remained at an
intermediate level throughout the entire process and gradually stabilized with increasing iterations, indicating that its
mechanism, which relies on external candidate region generation, limited further improvement in detection performance.
In Fig. 9(b), as the iteration increased, the time consumption of all three models gradually decreased. The RPN had the
lowest time consumption, dropping to approximately 5 seconds at 500 iterations, which is significantly lower than that of
Fast R-CNN (6s) and SSD (7s). It has higher computational efficiency under end-to-end feature sharing and candidate
region generation mechanisms. The time consumption of Fast R-CNN remains at an intermediate level, which is related to
its reliance on external mechanisms such as selective search, resulting in limited overall computational efficiency. In
summary, the RPN not only outperforms Fast R-CNN and SSD in detection accuracy, but also has advantages in
computational efficiency, making it more suitable for indoor object detection tasks. The images in the dataset are detected,
as presented in Fig. 10.

Fig. 10(a) shows the original image, with typical indoor objects such as cabinets, stoves, and countertops in the scenario.
These objects exhibit occlusion and overlap in spatial position, which increases the difficulty of detection. Fig. 10(b) shows
the detection results of the SSD model, which can recognize some targets, but the detection box has incomplete boundaries,
such as inaccurate positioning of cabinets and boundary deviation. Fig. 10(c) shows the detection results of Fast R-CNN.
The detection boxes of this model are more regular compared with SSD, and the boundary recognition of stoves and
cabinets is clearer. However, there are still omissions in small area targets. Fig. 10(d) presents the detection results of the
RPN. The detection box covers almost all main objects, and the boundaries are more closely aligned with the actual object
contours. Especially in cabinet and small object detection, it performs better than SSD and Fast R-CNN. In summary, RPN
performs best in terms of accuracy and boundary fitting, making it more suitable for indoor complex object detection tasks.
The comprehensive performance of the model is presented in Table 2.
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(c) Fast R-CNN (d) RPN

Fig. 10. Detection performance analysis (Image source: https://rgbd.cs.princeton.edu/)

Table 2. Model detection performance analysis

Model SSD Fast R-CNN RPN
Accuracy 0.85 0.89 0.94
Precision 0.83 0.87 0.92
Recall 0.80 0.84 0.91
F1-score 0.81 0.85 0.91
mAP 0.79 0.84 0.90
IoU 0.70 0.76 0.83
RMSE 0.18 0.14 0.10

Time/s 1.2 2.8 1.9

FPS 45 25 38

According to Table 2, the accuracy of RPN reached 0.94, significantly higher than that of Fast R-CNN (0.89) and SSD
(0.85), indicating its stronger overall recognition ability in indoor object detection tasks. The precision and recall of the
RPN were 0.92 and 0.91, which were better than those of Fast R-CNN (0.87 and 0.84) and SSD (0.83 and 0.80). This
indicates that RPN has a more balanced performance in reducing false positives and false negatives and can better ensure
the reliability of detection results. As a comprehensive indicator, the F1-score of RPN was 0.91, which was higher than
that of Fast R-CNN (0.85) and SSD (0.81), further proving that it achieved a better balance between accuracy and integrity.
The mAP and IoU of RPN were 0.90 and 0.83, respectively, which were better than those of Fast R-CNN (0.84 and 0.76)
and SSD (0.79 and 0.70), indicating that its candidate region generation quality was higher, the overlap between the
detection box and the real target was greater, and the boundary fitting effect was more accurate. In terms of error, the
RMSE of RPN was only 0.10, lower than that of Fast R-CNN (0.14) and SSD (0.18), reflecting that its prediction results
are closer to the true values. The RPN not only outperforms SSD and Fast R-CNN in detection accuracy but also considers
practicality in terms of speed, making it the model with the best comprehensive performance in indoor object detection
tasks. For the detection task, these metrics jointly illustrate the advantages of the proposed model. Higher accuracy,
precision, and recall demonstrate stronger reliability in identifying objects such as signage, furniture, and structural markers.
A higher F1-score confirms balanced detection stability. The mean average precision and intersection over union indicators
reveal tighter alignment between predicted and true bounding regions, especially in scenarios containing occlusion or dense
object layouts. A lower error score indicates reduced deviation in bounding positions, while real-time processing capability
is evidenced by higher frame throughput, confirming suitability for indoor navigation applications. The performance is
analyzed, as presented in Table 3.

According to Table 3, in the standard scenario, the Top-1 accuracy reached 0.93, the Top-5 accuracy increased to 0.97,
the specificity and recall exceeded 0.91, the Fl-score was 0.91, the average latency was 24ms, and the throughput was
42FPS, fully meeting the real-time requirements. In complex interference scenarios, the Top-1 accuracy dropped to 0.89,
the recall was 0.87, and the specificity was 0.88, mainly affected by weak light and occlusion. However, the system still
maintained a processing speed of 34FPS and a Top-5 accuracy of 0.95, demonstrating strong robustness. In the incremental
learning scenario, the Top-1 accuracy was maintained at 0.90, the recall and F1-score were both 0.89, the calibration error
was 0.023, the average latency was 26 milliseconds, and the throughput was 40FPS, indicating that the system maintains
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prediction stability while learning new categories. Overall, the system has advantages in accuracy, real-time performance,
and adaptability, making it suitable for complex indoor environment applications.

Table 3. Comprehensive performance of the indoor visual communication orientation system in three scenarios

Test Scenario Standard Scenario Complex Scenario Incremental Learning
Top-1 Accuracy 0.93 0.89 0.91
Top-5 Accuracy 0.97 0.95 0.96
Specificity 0.92 0.88 0.91
Recall 0.91 0.87 0.89
F1-score 0.91 0.88 0.89
Calibration Error 0.021 0.031 0.023
Average Latency (ms) 24 32 26
Throughput (FPS) 42 34 40

4. Conclusion

In response to the insufficient classification accuracy and limited real-time performance of indoor visual communication
orientation systems in complex environments, a classification method based on incremental learning and multi-feature
fusion was proposed. Additionally, an indoor object detection model was constructed using the RPN. The VGG16-SVM
achieved an accuracy of 0.92, a precision of 0.91, a recall of 0.90, an F1-score of 0.91, an average AUC of 0.95, a RMSE
0f 0.09, and an inference speed of 48FPS. In terms of efficiency indicators, the training time of VGG16-SVM was only 1.2
seconds. In the detection task, the RPN model exhibited more prominent performance advantages. The accuracy of RPN
was 0.94, the precision was 0.92, the recall was 0.91, the Fl-score was 0.91, the average accuracy reached 0.90, the
intersection over union was 0.83, and the lowest RMSE was 0.10. The comprehensive comparison shows that RPN not
only outperforms Fast R-CNN and SSD in detection accuracy, but also achieves a good balance in efficiency. The
classification model, based on incremental learning and multi-feature fusion, can significantly improve directional symbol
recognition ability. The system differs from existing hybrid methods by integrating multi-feature fusion with incremental
learning to maintain recognition stability when new scenario categories emerge. At the same time, RPN-based detection
contributes enhanced boundary precision and robustness in visually complex indoor layouts. This combined structure
enables both adaptive classification and high-accuracy detection, which is not simultaneously achieved in prior methods.
However, the research still has shortcomings, such as a high dependence on hardware resources for large-scale real-time
deployment. To address these limitations, lightweight network architectures such as MobileNet and EfficientNet can be
explored to reduce computational load and enable deployment on embedded or low-power devices. Additionally, domain
adaptation strategies and feature alignment techniques can be applied to enhance robustness in scenarios affected by severe
occlusions, strong contrasts, or non-uniform illumination. These approaches offer practical pathways for enhancing
scalability and environmental adaptability in future system development. Future research will focus on lightweight network
design, cross-modal data fusion, and adaptive optimization to further enhance the universality and robustness of the system.
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