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 Parking demand continues to rise as private vehicle use increases, making 

timely information about available spaces essential for efficient parking 

management. Many existing monitoring approaches still rely on fixed slot 
sensors or visual detectors that report accuracy without examining how 

confidence settings affect the final availability decision. This work 

investigates Faster region-based convolutional network (Faster R-CNN) with 

a ResNet-50 backbone for image-based parking availability detection using a 
public parking-lot dataset annotated in Pascal visual object classes (VOC) 

format. The experiment evaluates several confidence thresholds to determine 

how each setting changes the balance among accuracy, precision, recall, and 

F1-score. The most balanced setting was obtained at a threshold of 0.5, 
where the model achieved 95% accuracy and 97.3% for precision, recall, and 

F1-score. These results show that threshold configuration is an important 

factor in reducing missed detections and false alarms, although validation 

using real campus CCTV data and direct comparison with lightweight 

detectors remain necessary before practical deployment. 
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1. INTRODUCTION 

The continuous increase in private vehicle use has created new challenges for parking management 

in public and institutional environments [1]. University campuses experience this issue because cars are 

commonly used by lecturers, employees, students, and visitors for daily mobility. When the number of 

arriving vehicles is not supported by sufficient parking information, users often spend additional time 

searching for vacant spaces. This situation can reduce circulation efficiency and contribute to congestion near 

parking areas. 

Parking facilities are designed to temporarily accommodate vehicles, but their effectiveness depends 

on both physical capacity and the availability of accurate occupancy information [2], [3]. In many locations, 

drivers still identify empty spaces manually because real-time slot availability is not displayed [4]. This 

manual search may increase fuel consumption, travel time, and disorder within the parking area. Therefore, 

automatic parking-space monitoring is needed to support more efficient and reliable parking management. 

Computer vision has become a promising approach for parking monitoring because cameras can 

observe multiple spaces without installing sensors in every slot. Deep-learning-based object detectors, 

particularly convolutional neural network models, can process images and locate relevant objects 

automatically. Among these detectors, Faster region-based convolutional network (Faster R-CNN) is 
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frequently adopted because it combines region proposal generation with object classification in a single 

detection pipeline. This structure enables reliable localization in visual scenes that contain dense objects or 

complex backgrounds [5]. 

A related study by [6] used Faster R-CNN for roadside parking-violation detection and reported 

77.9% accuracy, 71.1% precision, 73.6% recall, and 77% mAP. Faster R-CNN improves region-based 

detection by using a region proposal network to generate candidate object areas before classification [7]. This 

mechanism allows the model to identify image regions that may contain parking-related objects before 

refining the final prediction. In the present work, the method is adapted to detect empty and occupied parking 

spaces from annotated parking-lot images. 

Faster R-CNN was chosen as the main detector because localization quality is important in parking 

scenes that may include overlapping vehicles, narrow spaces, and different camera angles. One-stage 

detectors such as YOLOv8, EfficientDet, and MobileNet-SSD are generally more efficient for real-time 

inference, but they may require careful tuning when small or partially occluded objects appear. The two-stage 

design of Faster R-CNN requires more computation, yet it is suitable when the priority is accurate object 

localization. For this reason, the study uses Faster R-CNN with ResNet-50 while acknowledging that a 

complete speed-accuracy comparison with other detectors is still required [8]. 

Previous studies on parking detection often emphasize the final accuracy value and provide limited 

discussion of how confidence-threshold selection influences the reliability of the output. In real parking 

applications, this threshold is important because overly strict filtering can miss valid detections, whereas 

overly relaxed filtering can produce false alarms. This study therefore evaluates several threshold values 

instead of relying on a single default setting. The analysis focuses on how these values affect accuracy, 

precision, recall, and F1-score in parking availability detection [9]. 

The contribution of this paper is organized into three points. First, a Faster R-CNN detector with a 

ResNet-50 backbone is applied to image-based parking availability detection. Second, the study examines the 

performance trade-off produced by different confidence-threshold values and identifies the most balanced 

operating point. Third, the discussion outlines the limitations related to dataset representation, model 

comparison, and cross-dataset generalization as directions for future work [10]. 

 

 

2. RESEARCH METHOD 

2.1.  Dataset 

The experiment used a public parking-lot image dataset from Roboflow with annotations provided 

in Pascal visual object classes (VOC) format. It contains 3,000 images, and each image is paired with an 

XML file describing the class label and bounding-box location of the annotated object. The images include 

variations in parking layout, vehicle density, illumination, and camera viewpoint. Because the images were 

not collected from the target campus, the dataset was used as a proxy to represent general CCTV-based 

parking conditions. 

Data preparation was carried out before model training to check the suitability of the images and 

annotations. Samples with problematic labels, incomplete bounding boxes, or poor object visibility were 

removed from the training process [7]. The remaining data were separated into training and validation subsets 

for model development and performance observation. Augmentation was then applied to the training data 

using flipping, rotation, scaling, brightness and contrast adjustment, blur, and noise to improve robustness 

against common visual variations [9]. 

Figure 1 presents a sample image from the parking-lot dataset used in this research. Bounding-box 

annotations indicate the object position and class information required by the detector during training.  

The dataset includes scenes captured under different lighting, viewpoints, and parking densities. Such 

diversity helps the model learn visual patterns that are not limited to a single parking arrangement. 

 

2.2.  Experimental design 

The experimental procedure was designed to study the influence of confidence-threshold settings on 

parking availability detection. After annotation preparation, the dataset was divided into training and 

validation subsets. The Faster R-CNN model using ResNet-50 was trained on the training subset, while 

validation data were used to observe model behavior during learning [8]. This setup provided a basis for 

evaluating whether the trained detector could be used for threshold analysis. 

After training, the detector was tested with confidence thresholds of 0.9, 0.8, 0.7, 0.6, and 0.5. Each 

threshold was applied to the same evaluation setting to observe changes in detection outcomes. Model 

performance was measured using true positive, true negative, false positive, false negative, accuracy, 

precision, recall, and F1-score [9]. The purpose of this design was to find a threshold that minimizes missed 

detections while keeping false alarms at an acceptable level. 
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Figure 1. Example of the parking-lot dataset used in this study 

 

 

2.3.  ResNet-50 backbone 

ResNet-50 was adopted as the backbone because it can extract deep visual features while 

maintaining stable learning through residual connections [8]. These connections support gradient flow and 

help the network learn complex visual representations more effectively [9][11]. In the proposed detector, 

ResNet-50 transforms parking images into feature maps that are processed by the region proposal and 

detection components [12], [13]. This backbone was selected to support object localization in scenes with 

variations in parking layout, viewpoint, and object density [14], [15]. 

 

2.4.  Faster R-CNN model 

Faster R-CNN was implemented as the detection framework because it separates candidate-region 

generation from the final object prediction stage [16][18]. The model architecture in this study includes a 

ResNet-50 feature extractor, a region proposal network that produces candidate regions, and a detection head 

that performs classification and bounding-box refinement [19]. This configuration was used to identify 

parking-related objects from annotated images [20], [21]. The final predictions were later filtered using 

different confidence thresholds during evaluation. 

Figure 2 illustrates the Faster R-CNN workflow used in this study. The input image is first 

converted into feature representations by the ResNet-50 backbone. The region proposal network then 

proposes candidate regions that are likely to contain parking-related objects [22], [23]. These proposals are 

processed by the detection head to assign class labels and adjust bounding-box coordinates. The resulting 

detections are filtered by confidence score to examine the balance between missed detections and false 

alarms [24]. 

 

 

 
 

Figure 2. Layer architecture of Faster R-CNN 
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3. RESULTS AND DISCUSSION 

3.1.  Preprocessing 

Preprocessing was performed to improve the reliability of the dataset before training and evaluation. 

Each image and Pascal VOC annotation file was reviewed to confirm the consistency of object labels, 

bounding boxes, and image quality. Images with incomplete annotations, unclear object visibility, or 

inconsistent labels were excluded [7]. This step reduced annotation noise and helped ensure that the model 

learned from more reliable samples. 

 

3.1.1. Augmentation 

Augmentation was used to expand visual diversity in the training data and reduce overfitting.  

The applied transformations included flipping, rotation, scaling, brightness and contrast modification, 

Gaussian noise, motion blur, normalization, and standardization. These operations were selected to imitate 

variations commonly found in CCTV parking images, such as different viewpoints, lighting conditions, 

object sizes, and image quality [9]. Examples of augmented samples are presented in Figure 3. 

 

 

 
 

Figure 3. Examples of image augmentation applied to the training dataset 

 

 

Figure 3 displays several augmented images derived from the original parking-lot dataset. The 

transformations changed image orientation, scale, brightness, contrast, blur, and noise while keeping the 

annotation information consistent. These additional visual variations encouraged the detector to learn more 

general patterns from the training data [7]. As a result, the risk of overfitting to the original image appearance 

could be reduced. 

 

3.2.  Modeling 

The Faster R-CNN model with ResNet-50 was trained using the configuration listed in Table 1. The 

parameters were selected to keep the training process stable while remaining feasible for the available 

computational resources. This configuration also provided a consistent baseline before testing several 

confidence-threshold values [11]. The same trained model was used for the subsequent threshold-based 

evaluation. 

 

 

Table 1. Hyperparameter 
Parameter Value 

Batch size 3 

Epoch 40 

Learning rate 0.0003 

Optimizer Adam 

Threshold 0.25 

IoU threshold 0.5 
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Training was conducted for 40 epochs with the Adam optimizer, a learning rate of 0.0003, and a 

batch size of 3. An IoU threshold of 0.5 was used to decide whether a predicted box sufficiently matched the 

ground-truth annotation [25]. The confidence threshold shown in Table 1 was used during initial training and 

validation. Additional threshold values were applied later during testing to analyze their influence on 

detection reliability [26].The training behavior obtained from this parameter configuration is shown through 

the loss curves in Figure 4. 

 

 

 
 

Figure 4. Training and validation loss 

 

 

Figure 4 presents the training and validation loss of the Faster R-CNN model across 40 epochs. Both 

curves decrease gradually and approach a low loss value, showing that the model learned relevant visual 

patterns from the training data [21]. The validation curve follows the training curve closely, which suggests 

stable generalization during training. Based on this behavior, the trained model was then used for evaluation 

with different confidence thresholds. 

Table 2 reports the mAP values obtained under different IoU criteria. The overall mAP across IoU 

thresholds from 0.5 to 0.95 was 0.2523, whereas mAP@0.5 and mAP@0.75 reached 0.3729 and 0.2929, 

respectively. These values show that the detector was able to identify parking-related objects, but bounding-

box precision decreased when the IoU requirement became stricter. This result indicates that localization 

accuracy remains an area for improvement [15]. 

 

 

Table 2. Result mAP 
Variable Value 

mAP [0.5:0.95:0.05] 0.2523 

mAP @ 0.5 0.3729 

mAP @ 0.75 0.2929 

 

 

The moderate mAP results suggest that the model did not consistently produce highly precise 

bounding boxes for all test images. Variations in viewpoint, object scale, parking layout, and annotation 

quality may contribute to this limitation. For this reason, the threshold-based evaluation was further analyzed 

to assess detection reliability from the perspective of accuracy, precision, recall, and F1-score. This 

additional evaluation helps explain the operational behavior of the detector for parking availability  

decisions [17]. 

 

3.3.  Testing and evaluation 

Testing was performed using 40 parking-lot images selected from the validation and testing data. 

The selected samples contained visible parking boundary markings, including white and yellow lines. They 

also represented differences in viewpoint, object density, and lighting conditions. This test set was used to 

observe how the trained model responded to different visual conditions within the dataset. 

Figure 5 shows sample detection outputs generated by the trained Faster R-CNN model. The 

detected parking area is enclosed by a green bounding box and displayed with its predicted class and 
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confidence score [10]. In the example, an empty parking slot is detected with a confidence score of 0.97.  

This output demonstrates that the model can localize parking-related regions and produce availability 

information from image input. 

 

 

  

  
 

Figure 5. Example of parking-slot detection results 

 

 

Several confidence thresholds were tested to examine how prediction filtering affects the reliability 

of parking availability detection. Thresholds from 0.9 to 0.5 were used to represent strict to more permissive 

detection settings. A high threshold accepts only predictions with strong confidence, which can reduce false 

positives but may also increase missed detections. A lower threshold accepts more predictions and can 

improve recall, although it may also introduce additional false positives [12]. Therefore, threshold analysis is 

necessary because both error types can affect the usefulness of parking information. 

Table 3 shows that model performance changed substantially when the confidence threshold was 

adjusted. At 0.9, precision reached 100%, meaning that every accepted prediction was correct. However, 

recall was only 68.4% because 12 cases were missed by the strict threshold. When the threshold was reduced 

from 0.8 to 0.6, recall improved from 78.9% to 92.1% while precision remained unchanged at 100%. This 

pattern indicates that a moderate reduction in threshold allowed the model to recover more valid detections 

without adding false positives in that range [21]. 
 

 

Table 3. Confusion matrix 
Threshold TP TN FP FN Accuracy Precision Recall F1-Score 

0.9 26 2 0 12 70% 100% 68.4% 81.2% 

0.8 30 2 0 8 80% 100% 78.9% 88.2% 

0.7 33 2 0 5 87.5% 100% 86.8% 92.9% 

0.6 35 2 0 3 92.5% 100% 92.1% 95.9% 

0.5 37 1 1 1 95% 97.3% 97.3% 97.3% 

 

 

The threshold of 0.5 produced the strongest overall result in this experiment. At this setting, the 

model obtained 95% accuracy, 97.3% precision, 97.3% recall, and 97.3% F1-score. Although one false 

positive occurred, the number of false negatives decreased to only one case. This operating point therefore 

provided the best balance for the evaluated data [11]. In parking applications, such balance is important 

because missed availability information and false alerts can both reduce user trust. 

 

3.4.  Comparative discussion 

The main experiment in this paper evaluates Faster R-CNN with ResNet-50 and investigates how 

confidence-threshold selection affects parking availability detection. To place the result in a broader context, 

this subsection discusses several alternative detectors, including YOLOv8, MobileNet-SSD, and 

EfficientDet. These architectures differ in detection strategy, computational demand, and deployment 

suitability. Such differences are relevant when designing parking monitoring systems for real-world use [20]. 
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Faster R-CNN follows a two-stage detection process in which candidate regions are generated 

before classification and bounding-box refinement. YOLOv8 and MobileNet-SSD, by contrast, are one-stage 

detectors that predict classes and bounding boxes in a single pass to obtain faster inference. EfficientDet uses 

a scalable design intended to balance accuracy and efficiency. Consequently, detector selection should 

consider whether the application prioritizes localization accuracy, response time, model size, or hardware 

efficiency [21]. Table 4 provides a conceptual summary of the main characteristics of Faster R-CNN and 

several alternative object detectors for parking availability detection. 

 

 

Table 4. Conceptual comparison of object detection architectures for parking availability detection 
Model Detection type Main strength Main limitation 

Faster R-CNN 

ResNet-50 
Two-stage detector Strong localization capability 

and reliable feature extraction 
Higher computational cost and 

slower inference 
YOLOv8 One-stage detector Fast inference and suitable for 

real-time applications 
Requires careful tuning for small 

or partially occluded objects 
MobileNet-

SSD 
One-stage lightweight 

detector 
Lightweight and suitable for 

embedded devices 
Lower robustness in complex 

visual scenes 
EfficientDet One-stage scalable 

detector 
Balanced accuracy and 

efficiency 
Performance depends on model 

scale and input resolution 

 

 

Table 4 indicates that Faster R-CNN is more suitable for localization-oriented tasks, whereas 

YOLOv8, MobileNet-SSD, and EfficientDet are attractive for applications that require faster inference or 

lighter deployment. Because this study did not train and test all architectures on the same dataset, the 

comparison should be interpreted as conceptual rather than as a direct benchmark. Future research should 

evaluate these models using the same data split, evaluation protocol, and metrics. Relevant metrics include 

mAP, accuracy, precision, recall, F1-score, inference time, model size, and memory consumption. 

Cross-dataset evaluation was not performed in this study and therefore remains an important 

limitation. The model was trained and tested on a public parking dataset that may not capture the full 

diversity of parking environments, camera placements, lighting conditions, vehicle types, and layout designs. 

Future work should train the model on one dataset and test it on another dataset collected from a different 

environment. This evaluation would provide stronger evidence about the robustness and generalizability of 

the proposed approach. 

 

 

4. CONCLUSION 

This study investigated Faster R-CNN with a ResNet-50 backbone for image-based parking 

availability detection using a public parking-lot dataset. The experimental results show that confidence-

threshold selection clearly affects detection performance. Among the evaluated settings, a threshold of 0.5 

achieved the most balanced result with 95% accuracy and 97.3% for precision, recall, and F1-score. This 

finding demonstrates that threshold adjustment is important for controlling missed detections and false 

alarms in parking monitoring systems. 

Several limitations should be considered when interpreting the results. The dataset was obtained 

from a public source and may not fully represent real campus CCTV conditions. In addition, this study has 

not yet performed direct quantitative benchmarking against YOLOv8, SSD, EfficientDet, or other 

lightweight detectors. Future studies should include cross-dataset evaluation, computational efficiency 

measurement, and deployment testing on embedded or mobile platforms. These extensions are necessary to 

assess the feasibility of real-time parking availability systems. 
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