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Image-based Antenna Detection and Attribute Classification System
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As the deployment density of 5G networks grows rapidly, the importance of efficient antenna asset management has become
increasingly prominent. However, existing manual inspection methods face clear limitations, including high costs and the risk
of safety accidents. This study proposes an integrated system designed to automatically detect antenna objects and classify t
heir detailed attributes from images captured in diverse real-world operational environments. The proposed system adopts a t
wo-stage network architecture where object detection and attribute classification are performed sequentially. It incorporates da
ta augmentation techniques tailored to field-specific characteristics, such as occlusions and varying weather conditions. Furthe
rmore, optimization strategies were introduced to mitigate class imbalance and label ambiguity issues encountered during the
training process. Experimental results demonstrate robust performance in actual operating environments, achieving 93.9% in t
he detection metric (mAP@0.5) and 89.6% in classification (Top-1 Accuracy). The findings of this research suggest the pra

ctical feasibility of streamlining asset management processes through image-based automated antenna identification.
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Detection

Classification

Figure 2. Overall architecture of the pipeline: the detection model (right) and the classification model (left)

Table 1. Class definitions for antenna attributes used in the classification task

Class
Attribute
operator “kt”, “unknown”
type “sector”, “unknown”
gain 65", “7". “135", “14". “155”". “16". “175". “195". “unknown”
ports 07T, 2. 45 6. “unknown”
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Figure 3. Class distribution for each antenna attribute
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Figure 4. Examples of object-induced occlusion and
weather-related visibility degradation
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(b) After weather augmentation

(a) Before augmentation

(c) Before augmentation (d) After occlusion augmentation

Figure 6. Examples of augmented images for training

Table 2. Detection performance following dataset scale

Base dataset scale Precision Recall mAP@0.5 mAP@0.5:0.95

100 70.5% 55.6% 67.7% 35.8%

256 70.5% 82.2% 70.5% 55.3%

741 91.5% 89.3% 93.6% 72.0%

1,231 88.2% 89.8% 92.0% 73.3%
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Table 4. Classification performance following dataset scale

Attribute-wise accuracy
Base dataset scale Overall accuracy :
type gain ports operator
100 53.4% 54.5% 50.1% 52.3% 56.7%
256 61.9% 62.5% 63.0% 62.8% 59.4%
741 77.4% 87.5% 82.3% 82.5% 88.0%
1,231 79.7% 83.8% 84.6% 86.0% 83.9%

Table 3. End-to-end pipeline performance under different augmentation compositions

Base Augmented dataset Detection model Classification model
dataset Occlusion Weather Precision mAP@0.5 Overall accuracy Operator accuracy
/ 88.2% 92.0% 79.7% 83.9%
/ / 90.7% 93.6% 87.7% 89.5%
/ / 89.4% 93.9% 89.3% 91.3%
/ / / 93.1% 93.9% 89.6% 91.2%
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(a) Before augmentation (b) After augmentation

(c) Before augmentation

Figure 7. Detection results following data augmentation
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Figure 8. Failure cases: examples of false detection

and misclassification
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