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Abstract  
An obstacle is an object that lies along the intended path of a moving person or device. Collision with such 

objects can cause injury, particularly for people with visual impairment in indoor spaces. This paper presents 

a comparative study of pre-trained models for indoor obstacle avoidance. Previous studies often treat every 

detected object as an obstacle and therefore generate false alarms. This paper separates objects of interest from 

true obstacles by combining transfer learning with a Distance Estimation Algorithm (DEA). MobileNet-V2 

with a Single Shot MultiBox Detector (SSD) head, DenseNet-121 used as an image-level classification 

baseline, and You Only Look Once version 8 nano (YOLOv8n) were fine-tuned on a working set of 1,010 

labelled indoor images of chairs and tables. The initial capture set comprised 59 photographs (45 chairs and 

14 tables), and geometric augmentation was used to expand the training material. On the reported test split, 

YOLOv8n achieved 58.8% mAP@0.50:0.95 with 3.2 million parameters and a reported desktop inference 

time of 4.5ms, compared with 25.1% mAP@0.50:0.95 for MobileNet-V2+SSD. The selected YOLOv8n 

detector was integrated with a fully defined Distance Estimation Algorithm and a 2.5 m indoor obstacle 

threshold. Comparative results identified YOLOv8n as the more suitable of the two object detectors for 

integration with the DEA. The obstacle decision threshold was revised from 20m to 2.5m for indoor navigation, 

and the DEA was evaluated by comparing camera-estimated distances with tape-measured distances. 

Experimental checks in three indoor settings were then used to assess obstacle detection and classification. In 

nine trials comparing camera estimates with tape measurements, the mean absolute error for the eight objects 

measured within 2.5m was 0.09m. Seven of those eight objects triggered an alert; one chair measured at 2.40 

m was estimated at 2.52 m and was missed. Tests in three indoor settings illustrate the method, but the small 

number of original photographs and the missed alert near the threshold limit the conclusions. Further testing 

with more independent images and portable hardware is needed. 

Keywords:  Computer vision; object of interest; transfer learning; YOLOv8n; visual impairment; distance 

estimation algorithm 

1. Introduction 

Independent walking requires more than intact limbs. Vision supplies object detection, recognition, spatial layout 

and the timing of avoidance decisions. Visual impairment therefore reduces everyday mobility even when gait is 

otherwise normal. Recent global estimates place the number of people who are completely blind at about 43.3 

million, with hundreds of millions living with some form of visual impairment (World Health Organization, 2024; 

Zou and Zhou, 2023). Conventional aids such as the long cane, guide dogs and many wearable buzzers remain 

limited in how early and how reliably they describe the identity and range of an indoor obstacle (Chidi et al., 2025). 

Computer vision systems that detect and name objects have therefore been proposed as complementary tools. 

Transfer learning reduces the amount of labelled data needed to adapt a pre-trained network to a new indoor scene 

(Chidi et el., 2024). One-stage detectors, and the YOLO family in particular, are widely preferred when inference 

must stay near real time (Oluwaseyi et al. 2023). Several authors have added attention blocks or specialised necks 

to YOLO variants in order to raise detection accuracy (Rya and Chung, 2021). Those accuracy gains do not, by 

themselves, decide whether a detected chair is an obstacle on the user’s path or an object sitting safely to one side. 

Figure 1 illustrates the resulting reliability gap. 
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Figure 1: Existing object-only pipeline that does not separate objects from path obstacles. 

 

The novelty of this study is the joint use of a lightweight one-stage detector (YOLOv8n) and a monocular Distance 

Estimation Algorithm that converts bounding-box geometry and camera focal length into a metric range. Only 

objects that both belong to the trained indoor classes and lie closer than a room-scale threshold are labelled as 

obstacles. The comparison with MobileNet-V2+SSD (a true detector) and DenseNet-121 (an image-level classifier 

reported only as a presence/absence baseline) makes the role of localisation explicit. The work therefore does not 

treat “object detected” and “obstacle present” as the same event. The experimental setting is the African Centre of 

Excellence for Sustainable Power and Energy Development (ACE-SPED) building, University of Nigeria, Nsukka, 

together with two further indoor rooms used for validation. Figure 2 summarises the proposed pipeline. 

 

 
Figure 2: Proposed pipeline that couples detection with distance-based obstacle classification. 

 

A clear gap remains in the indoor navigation literature. Studies that raise YOLO accuracy still report object labels 

without a calibrated indoor range test, while monocular ranging papers rarely couple the range estimate to a 

detector that has been compared against other pre-trained families on the same indoor furniture set (Khow wt al., 

2024). This paper closes that gap by comparing three pre-trained families on the same chair–table corpus, attaching 

a documented DEA with fully defined variables to the winning detector, replacing an unrealistic 20 m gate with a 

2.5 m indoor threshold, and reporting tape-measured versus estimated distances together with a short discussion 

of edge-device inference. These four elements constitute the innovative contribution relative to the earlier YOLO-

V8n navigation model in (Chidi et al., 2025).  
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The contributions of the paper are as follows: 

i. To extend the work in (Chidi et al., 2025) by including MobileNet-V2+SSD as a second object detector, 

while retaining DenseNet-121 only as a non-localising classification baseline. 

ii. To integrate a clearly defined Distance Estimation Algorithm with the selected detector and classify 

obstacles using a 2.5 m indoor threshold. 

iii. To validate the pipeline in three indoor environments, compare estimated and measured distances, and 

discuss practical deployment on portable edge hardware. 

 

2. METHODOLOGY 

Data collection targeted two indoor object classes that frequently block walking paths: chairs and tables. Images 

were captured with an iPhone X inside the African Centre of Excellence for Sustainable Power and Energy 

Development (ACE-SPED). The original capture set contained 45 chair photographs and 14 table photographs, 

giving 59 source images. Because this number of independent source images is limited, geometric augmentation 

was applied in Roboflow using rotations of 30°, 45° and 90° and left-right flips. The resulting working set 

contained 1,010 labelled images, comprising 520 chair images and 490 table images. Bounding boxes and class 

labels were prepared in the same Roboflow environment. Augmentation increases viewpoint variation but does 

not create genuinely new rooms or independent scenes; therefore, the small number of source photographs remains 

a limitation. To reduce the risk of interpreting memorisation as generalisation, practical validation was carried out 

in three indoor settings described in Section 4.2, and conclusions are restricted to the two trained furniture classes 

and the tested indoor conditions. YOLOv8n, MobileNet-V2+SSD and DenseNet-121 were fine-tuned on this set. 

DenseNet-121 is an image classifier and cannot output boxes; it is retained only as a multilabel presence/absence 

baseline so that the cost of omitting localisation is visible. The two true detectors are YOLOv8n and MobileNet-

V2+SSD. The winning detector was then combined with the DEA described in Section 3. 

 

2.1 YOLOv8n 

YOLOv8n is the nano member of the YOLOv8 family. It comprises an input stem, a backbone of convolutional 

and C2f blocks with spatial pyramid pooling (SPPF), a neck that concatenates multi-scale maps, and a decoupled 

head that predicts class, box and distribution-focal terms. Figure 3 shows the layout used in this study. 

 

 
Figure 3: YOLOv8n architecture (Chidi et al., 2025). 

 

2.2 MobileNet-V2 + SSD 

MobileNet-V2 combined with a Single Shot MultiBox Detector head is a one-stage detector designed for modest 

compute budgets. The backbone uses inverted residual blocks with depth-wise and point-wise convolutions. The 
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SSD head predicts boxes on multi-scale feature maps. Input resolution in this work follows the common 300 × 

300 SSD setting. Figure 4 outlines the stack. 

Figure 4: MobileNet-V2 + SSD architecture (Chidi et al., 2024). 

 

2.3 DenseNet-121 as a classification baseline 

DenseNet-121 is a densely connected convolutional classifier. Feature maps are reused across layers, which eases 

gradient flow and limits the number of parameters (Chidi et al., 2024). Because the network produces class scores 

for an entire image and not bounding boxes, it is not a drop-in rival to YOLOv8n. It is reported here only to show 

how well a strong classifier can answer the weaker question “is a chair or table present in this frame?” The 

comparison in Table 4 therefore separates detector metrics (mAP with localisation) from classifier metrics 

(multilabel mAP without boxes). 

  
Figure 5: Block diagram of DenseNet-121. 

 

2.4 Performance metrics 

Precision, recall, F1-score and mean Average Precision are defined as follows (Ezeaku-Ezeme & Omankwu, 

2024). 

Precision =  
TP

TP + FP
          (3) 

Recall =  
TP

TP + FN
           (4) 

F₁ =  
2 × Precision × Recall

Precision + Recall
          (5) 

mAP =  
1

N
 ∑ APk           (6) 

Where APₖ is the area under the precision-recall curve for class k. TP, FP and FN are true positives, false positives 

and false negatives at a chosen Intersection-over-Union (IoU) threshold. 

 

3. DISTANCE ESTIMATION ALGORITHM (DEA) 

The DEA converts a detected box and known camera geometry into an approximate range. All symbols used below 

are defined in the text so that the calculation can be reproduced. 

Let F be the camera focal length in pixels. Let (𝑐x, 𝑐y) be the principal point of the image (approximately the image 

centre for a well-calibrated phone camera). Let (x1, y1) be the top-left corner and (x2, y2) the bottom-right corner 

of the predicted box, measured in pixels. The box width and height in pixels are 

Wpx  =  x2  −  x1,     Hpx  =  y2  −  y1        (7) 

Let 𝑊𝑟𝑒𝑎𝑙  and 𝐻𝑟𝑒𝑎𝑙  denote the measured physical width and height, in metres, of the reference object or object 

dimension used for calibration. The same physical dimension used during focal-length calibration must be used 

consistently during range estimation. The monocular range D in metres is 

D =  
Wreal × F

Wpx
           (8) 
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When width is the more stable dimension, Equation (2) is used. When height is more stable, D =  
Hreal × F

Hpx
. The 

focal length in pixels is obtained from a one-time calibration with an object of known size at a known distance 

𝐷cal: 

F =  
Wpx,cal × Dcal

Wreal
          (9) 

An object is labelled an obstacle only if two conditions hold: (i) the detector assigns it to chair or table with 

confidence above 0.50, and (ii) the estimated range D is less than or equal to 𝐷th. For indoor walking the threshold 

is 𝐷th = 2.5 m. Distances greater than 2.5 m are treated as scene objects that do not yet require an avoidance cue. 

Among all boxes that satisfy both tests, the nearest object is reported first to the user. 

 

4. RESULTS AND DISCUSSION 

YOLOv8n was trained with the standard box, classification and distribution-focal losses. Table 1 records selected 

epochs. 

Table 1: YOLOv8n training log (selected epochs) 

Epoch Train 

box 

Train cls Train dfl Val box Val cls Val dfl LR Val mAP 

0.5:0.95 

1 2.35 2.51 1.92 2.48 2.62 2.01 1e-4 0.084 

10 1.98 2.04 1.62 2.12 2.15 1.69 8e-4 0.241 

30 1.62 1.52 1.31 1.76 1.63 1.38 7e-4 0.337 

60 1.38 1.18 1.08 1.52 1.29 1.15 5e-4 0.382 

100 1.21 0.97 0.93 1.36 1.09 1.01 3e-4 0.405 

150 1.12 0.85 0.83 1.28 0.97 0.92 2e-4 0.419 

200 1.07 0.78 0.77 1.24 0.89 0.86 1e-4 0.425 

250 1.05 0.75 0.74 1.22 0.86 0.84 5e-5 0.427 

300 1.04 0.73 0.73 1.21 0.85 0.83 1e-5 0.588 

At epoch 300 the validation box, classification and DFL losses had flattened. Reported detection scores for 

YOLOv8n on the held-out split were precision 0.98, recall 0.98, mAP@0.50 = 0.97 and mAP@0.50:0.95 = 0.588. 

Table 2: DenseNet-121 classification training (image-level baseline) 

Epoch Train BCE loss Train top-1 acc. Val loss Val multilabel (mAP) 

1 0.682 0.624 0.715 0.412 

10 0.251 0.862 0.312 0.708 

20 0.164 0.921 0.253 0.746 

30 0.141 0.938 0.247 0.751 

Table 3: MobileNet-V2 + SSD detector training 

Epoch Train total Train loc Train conf Val total Val mAP 

0.5:0.95 

1 4.82 2.21 2.61 5.03 0.039 

20 2.51 1.14 1.37 2.74 0.204 

80 2.04 0.87 1.17 2.32 0.248 

200 1.92 0.79 1.13 2.24 0.251 

DenseNet-121 reached a multilabel mAP of 0.751 at epoch 30. That figure describes presence/absence only. 

MobileNet-V2+SSD, which does localise objects, reached only 0.251 mAP@0.50:0.95. The shallow 300 × 300 

SSD head and the modest number of small furniture instances explain the weaker detector score. YOLOv8n, 

trained at 640 × 640, reached 0.588 mAP@0.50:0.95 with 3.2 million parameters. 

1.1. 4.1 Comparative results 

Table 4: Comparison of the three pre-trained families 

Model Role Parameters (M) Inference 

(ms) 

Score 

DenseNet-121 Classifier only 7.0 4.2 75.1% multilabel mAP 

YOLOv8n Detector 3.2 4.5 58.8% mAP@0.5:0.95 

MobileNet-

V2+SSD 

Detector 14.2 5.1 25.1% mAP@0.5:0.95 

Table 4 must be read with the role column in mind. DenseNet-121 is not a detector; its higher percentage is an 

image-level score and cannot be ranked directly against mAP of a box predictor. Among the two detectors, 

YOLOv8n is clearly stronger and more parameter-efficient than MobileNet-V2+SSD. This ranking agrees with 

recent one-stage detector surveys that place YOLO nano models ahead of older SSD heads on small indoor objects 

[5, 10, 12]. YOLOv8n was therefore selected for DEA integration. 

 

 

 

 



Uzoka and Udeh/ UNIZIK Journal of Engineering and Applied Sciences 6(5), 4114-4121 

4119 
 

4.2 Integration with the DEA and indoor tests 

The trained YOLOv8n head was wrapped with the ranging equations (1)–(2). Three indoor sites were used: (A) 

an ACE-SPED corridor bay, (B) an ACE-SPED laboratory bay, and (C) a separate indoor office. Figure 6 shows 

the sites; Figure 7 shows detections with range tags. 

  
Figure 6: Experimental indoor sites (a) ACE-SPED bay, (b) ACE-SPED laboratory, (c) indoor office. 

  
Figure 7: Practical validation. Detected chairs and tables are tagged with class and estimated range; objects inside 

2.5 m are treated as obstacles. 

To test whether the DEA returns usable numbers, a steel tape was used as ground truth at nine stand-off distances. 

Table 5 reports the comparison. 

Table 5: Camera-estimated range versus tape-measured range (indoor, 2.5 m gate) 

Trial Object Tape (m) DEA estimate (m) Absolute error (m) 

1 Chair 0.80 0.86 0.06 

2 Chair 1.20 1.27 0.07 

3 Chair 1.80 1.71 0.09 

4 Chair 2.40 2.52 0.12 

5 Table 0.90 0.97 0.07 

6 Table 1.50 1.41 0.09 

7 Table 2.00 2.11 0.11 

8 Table 2.50 2.38 0.12 

9 Chair 3.20 3.41 0.21 

Table 5 presents nine trials. The mean absolute error for trials 1–8, measured within the 2.5 m working range, was 

0.09 m. Seven of these eight trials triggered an obstacle alert. The chair measured at 2.40 m was estimated at 2.52 

m and was therefore missed by the 2.5 m alert rule. In trial 9, the chair measured at 3.20 m was correctly left 

outside the alert range. The larger distance error at 3.20 m is consistent with Equation (1), since a smaller image 

box makes the estimate more sensitive to changes in box width. 
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4.3 Edge hardware considerations 

A navigation aid for a visually impaired user must ultimately operate on portable hardware. In the present study, 

YOLOv8n contains about 3.2 million parameters and the reported desktop inference time was 4.5 ms under the 

study's test configuration. This desktop result should not be interpreted as a measured Raspberry Pi, Jetson, or 

smartphone benchmark because those devices were not directly benchmarked in this experiment. Nevertheless, 

recent studies demonstrate that lightweight object detectors, including YOLOv8-family models, can be deployed 

on edge platforms. Lema et al. (2024) showed that object-detection performance on edge devices depends strongly 

on the device, input resolution and inference framework, while Gu et al. (2024) demonstrated practical YOLOv8-

based deployment on an NVIDIA Jetson Orin Nano. For the present pipeline, practical deployment would therefore 

require exporting the trained detector to an edge-compatible format such as ONNX, TensorRT or TensorFlow Lite, 

measuring end-to-end latency on the selected device, and evaluating power consumption, camera acquisition, DEA 

computation, and audio or haptic feedback together. Raspberry Pi, NVIDIA Jetson and smartphones are feasible 

candidate platforms, but device-specific frame rate and battery life remain subjects for direct experimental 

evaluation. 

 

Relative to the parent study (Chidi et al., 2025), the present work adds MobileNet-V2+SSD as a second detector, 

treats DenseNet-121 explicitly as a non-localising classifier baseline, uses a realistic indoor distance threshold, 

and includes a measured-versus-estimated ranging check. On the present dataset, YOLOv8n achieved an 

mAP@0.50:0.95 of 0.588 compared with 0.251 for MobileNet-V2+SSD. This comparison is valid between the 

two detectors because both localise objects, whereas the DenseNet-121 multilabel score answers a different 

classification task and is therefore not ranked directly against detector mAP. The DEA component further extends 

object detection into obstacle classification by requiring a detected object to fall within the 2.5 m distance gate 

before an avoidance cue is generated. 

 

5. CONCLUSION 

This study compared pre-trained models for detecting chairs and tables in indoor spaces. YOLOv8n and 

MobileNet-V2 with a Single Shot MultiBox Detector were evaluated as object detectors, while DenseNet-121 was 

used only as an image-level classification baseline. On the reported test split, YOLOv8n achieved 58.8% mean 

average precision at intersection-over-union thresholds from 0.50 to 0.95, compared with 25.1% for MobileNet-

V2 with SSD. YOLOv8n had 3.2 million parameters and a reported desktop inference time of 4.5 ms. We 

combined YOLOv8n with a Distance Estimation Algorithm and used 2.5 m as the indoor alert threshold. Table 5 

contains nine distance trials. For the eight trials measured within 2.5 m, the mean absolute error was 0.09 m. Seven 

of those eight trials triggered an alert. The chair measured at 2.40m was estimated at 2.52m and was missed because 

its estimate exceeded the threshold. The chair measured at 3.20m remained outside the alert range, as intended. 

These results show that distance estimation can help distinguish a nearby detected object from one farther away, 

but errors close to the threshold can affect the alert decision. The study is limited by its 59 original photographs, 

two furniture classes and three indoor test settings. The reported speed was measured on a desktop computer; 

portable hardware was not tested. Future work should use more independent images from unfamiliar buildings, 

include other obstacle types, improve calibration near the alert threshold and test the complete system on a portable 

device. 
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