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ABSTRACT 

Precise lung region detection in chest radiographs is an essential preprocessing step for computer-aided 

diagnostics. This study presents a YOLO v4–based framework to automatically localize lung regions in 

posteroanterior (PA) chest X-rays. A subset of the CheXpert dataset, containing 456 manually annotated 

PA radiographs, was used. Anchor boxes were estimated via an Intersection-over-Union (IoU)–based 

clustering method, improving scale invariance and shape alignment over Euclidean metrics. Empirical 

evaluation showed that six anchor boxes achieved the best balance between mean IoU (0.883) and 

computational efficiency. The trained model was tested on 144 images, yielding Average Precision (AP) of 

0.9043 for the lung_region class, which represents only the anatomical lung area and not any specific 

pathology. The precision–recall curve indicated high precision across most recall values, and the confusion 

matrix showed 124 true positives, 13 false positives, and 7 false negatives. These results demonstrate that 

YOLO v4 with optimized anchor box estimation enables accurate, efficient lung region localization, 

supporting automated radiology workflows. 

Keywords: Lung Region Detection; Image Processing; YOLO v4; Anchor Box Optimization; Object 

Detection 

 

 

YOLO v4 Kullanarak Göğüs Röntgenlerinde Geliştirilmiş Akciğer Bölgesi 

Yerelleştirme için IoU Tabanlı Çapa Kutusu Tahmini 
 

ÖZ 

Göğüs röntgenlerinde akciğer bölgesinin doğru tespiti, bilgisayar destekli tanı sistemleri için kritik bir ön 

işleme adımıdır. Bu çalışmada, posteroanterior (PA) göğüs röntgenlerinde akciğer bölgelerini otomatik 

olarak yerelleştirmek için YOLO v4 tabanlı bir çerçeve sunulmuştur. CheXpert veri kümesinden 456 adet 

elle anotlanmış PA röntgen kullanılmıştır. Çapa kutuları, ölçekten bağımsız mesafe ölçümü ve şekil 

hizalamasında iyileşme sağlayan IoU (Intersection-over-Union) tabanlı kümeleme yöntemiyle tahmin 

edilmiştir. Deneysel değerlendirmeler, altı çapa kutusunun ortalama IoU (0,883) ve hesaplama verimliliği 

açısından en iyi dengeyi sunduğunu göstermiştir. Eğitilen model, 144 görüntüden oluşan test kümesinde 

çalıştırılmış ve lung_region sınıfı, yalnızca anatomik akciğer bölgesini temsil etmekte olup herhangi bir 

patolojiyi göstermemektedir;  Doğruluk (AP) değeri 0,9043 elde edilmiştir. Kesinlik–duyarlılık eğrisi, çoğu 

duyarlılık değerinde yüksek kesinlik göstermiştir. Karmaşıklık matrisi ise 124 doğru pozitif, 13 yanlış 

pozitif ve 7 yanlış negatif tespit etmiştir. Sonuçlar, optimize edilmiş çapa kutusu tahmini ile YOLO v4’ün 

doğru ve verimli akciğer bölgesi yerelleştirmesi sağlayabildiğini göstermektedir. 

Anahtar Kelimeler: Akciğer Bölgesi Tespiti; Görüntü İşleme; YOLO v4; Çapa Kutusu Optimizasyonu; 

Nesne Tespiti 
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1. INTRODUCTION 

The increasing use of Artificial Intelligence (AI) in the medical domain, particularly in medical image 

analysis, has been propelled by a paradigm shift from traditional Artificial Neural Networks (ANNs) to deep 

Convolutional Neural Networks (DCNNs) (Abut et al., 2024). These models have shown remarkable 

performance in tasks such as disease classification from chest X-rays, facial image-based gender recognition 

(Ergen & Abut, 2013), and broader applications in medical decision-making (Abut & Okut, 2024). Despite 

these successes, explainability and reliability remain critical challenges. A promising solution is to apply 

segmentation techniques to isolate the lung region prior to classification. By enforcing the model to learn 

only from relevant anatomical structures, segmentation improves both accuracy and interpretability. For 

example, COPD-GradeNet is a model proposal that integrates lung-region-focused learning to predict the 

severity of chronic obstructive pulmonary disease (COPD) (Abut, 2024). 

Recent studies emphasize the importance of considering anatomical structures in medical imaging. This 

attention spans multiple domains, including nuclear marker quantification in tumor tissues (Yilmaz et al., 

2025b), AI-based segmentation of kidney biopsies (Yilmaz et al., 2025a; Yilmaz et al. 2025c), and 

emergency care applications (Berikol et al., 2025). These approaches collectively underline the importance 

of guiding AI models toward relevant visual features to improve diagnostic reliability. 

Although deep learning-based models have shown promising results in the classification of lung diseases, 

careful visual analyses are required to explain their decision-making processes and improve their accuracy. 

Visualization techniques such as Grad-CAM make it possible to analyze which regions the model focuses 

on when making decisions. As shown in Figure 1, the classification model focused not on the lung image 

itself but on irrelevant areas in the corner of the image. Such deviations indicate that the model may lead to 

incorrect generalizations and pose reliability issues. In this context, applying lung region segmentation to 

ensure that the model considers only the relevant anatomical areas (e.g., lung lobes) during decision-making 

is of critical importance. Performing segmentation as a preprocessing step helps guide the model’s attention 

to the correct region and improves classification performance (Irvin et al., 2019; Rajpurkar et al., 2017). 
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Figure 1: Grad-CAM visualization applied to a chest X-ray image 

 

In Figure 1, the left image shows the attention map overlaid on the original X-ray, where red areas indicate 

higher attention weights of the model. It can be observed that the classifier has focused on irrelevant regions 

such as the top-left corner of the image rather than the lung area, which is the anatomically meaningful 

region for diagnosis. This highlights the necessity of restricting the model's attention to the lung region via 

segmentation-based preprocessing for more accurate disease classification. 

Recent advances in deep learning, particularly convolutional neural networks (CNNs), have revolutionized 

medical image analysis by enabling hierarchical feature learning directly from raw data, leading to improved 

accuracy in various tasks including classification, segmentation, and localization of diseases in CXR images. 

Deep learning models have demonstrated superior performance in detecting lung infections, cancers, and 

other thoracic abnormalities by effectively learning spatial-contextual patterns that are not readily captured 

by traditional approaches. 

Given the importance of correctly identifying the lung region to reduce irrelevant information and improve 

model performance, this study employs a YOLOv4-based deep learning framework for automatic 

localization and rectangular cropping of lung areas in posteroanterior chest X-rays. Unlike methods that 

perform precise boundary segmentation, the proposed approach focuses on bounding-box localization rather 

than pixel-level delineation, thereby preserving peripheral contextual cues that may contribute to disease 

classification. This design choice also prevents potential loss of diagnostically relevant patterns beyond the 

strict anatomical lung borders. 

Prior studies have explored various segmentation techniques, including texture-based filtering combined 

with morphological operations to generate lung masks, which successfully excluded non-lung areas such as 

the shoulder and diaphragm regions (Matsuyama, 2021). Other research leveraged deep CNN architectures 
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like DenseNet-121 with transfer learning to classify lung nodules and cancer from chest X-rays, highlighting 

the role of precise lung region localization in improving diagnostic accuracy (Ausawalaithong et al., 2018). 

More recent work has integrated segmentation and classification networks, combining encoder-decoder 

frameworks such as UNet++ with classification modules, achieving high precision in lung infection 

localization and disease detection with efficient model designs suitable for clinical applications (Miah et al., 

2024). 

Moreover, deep Siamese networks have been employed to compare symmetrical lung segments for 

pneumonia classification, illustrating the utility of lung segmentation as a preprocessing step for enhanced 

disease detection (Acharya & Satapathy, 2020). Surveys and reviews indicate a growing trend toward 

leveraging advanced deep learning models for diverse chest X-ray analysis tasks, emphasizing the need for 

robust lung localization to support downstream applications (Ait Nasser & Akhloufi, 2023; Çallı et al., 

2021). 

In this context, the present study introduces an automated deep learning pipeline focusing on accurate lung 

region detection and bounding box–based cropping in chest X-rays, intended to facilitate and improve the 

performance of various CAD systems for thoracic disease diagnosis. While object detection networks such 

as YOLO have been widely adopted in natural image analysis, their systematic application for lung region 

localization within MATLAB-based medical imaging workflows has been limited. This study addresses this 

practical gap by implementing and optimizing YOLOv4 for robust, efficient localization of lung fields, 

mitigating the confounding influence of non-anatomical artifacts (e.g., labels or external patterns) 

commonly present in chest radiographs. The resulting framework offers a reproducible preprocessing 

solution that enhances downstream diagnostic modeling by providing clean, context-preserving input 

regions. 

 

2. MATERIAL AND METHOD 

2.1. Dataset  

In this study, a subset of the publicly available CheXpert dataset (Saporta et al., 2022) was utilized to 

develop and evaluate the lung localization framework. Only posteroanterior (PA) view radiographs were 

included to maintain consistency in image orientation and diagnostic relevance, while lateral views were 

excluded. From the CheXpert collection, 456 images were selected based on the presence of clear lung 

regions and sufficient image quality, following a semi-random sampling procedure that ensured diversity 

across different thoracic pathologies. This subset was primarily used for lung region localization; a related 
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but distinct study is being conducted to investigate Atelectasis classification using the same source dataset 

but with a different methodological focus.  

2.2. Manual Annotation 

Prior to training the YOLO model, each of the 456 selected chest radiographs underwent manual annotation 

to identify the lung regions. Manual annotation of lung regions was carried out to generate the ground-truth 

bounding boxes used for training and evaluation. Each chest X-ray was visually inspected, and the lung 

boundaries were marked to define the minimal rectangular area covering both lungs. The manual 

annotations were performed by a biomedical engineer experienced in medical image processing, following 

consistent visual criteria to ensure reproducibility and minimize subjectivity across all samples. Figure 2 

illustrates an example of the annotated regions used in the experiments. A rectangular bounding box was 

drawn around the visible lung fields in each image, ensuring that the entire lung area was enclosed within 

the frame. The corner coordinates (top-left and bottom-right) of each bounding box were manually recorded 

for every image. These coordinates served as ground truth data for the subsequent training of the object 

detection model (Figure 2).  

 

 

 

 

 

 

 

 

 

 

Figure 2: Manual annotation of the lung region 

 

2.3. Implementation of YOLO v4 for Object Detection and Anchor Box Estimation 

In this study, the YOLO v4 object detection network was utilized for lung region detection. YOLO v4 is a 

one-stage object detector that provides a balanced trade-off between detection speed and accuracy 

(Bochkovskiy et al., 2020). 

During model training, the input image size was fixed at 416×416 pixels. Based on the locations and sizes 

of lung regions in the training data, suitable predefined anchor boxes were estimated. The YOLOv4 model 

was trained using the Adam optimizer with gradient decay factors of 0.9 and 0.999, an initial learning rate 

of 0.001, and an L2 regularization factor of 0.0005. The training was performed for 80 epochs with a mini-
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batch size of 4, and the best-performing model was selected based on the lowest validation loss. Training 

and validation data were shuffled at each epoch to prevent overfitting, and checkpointing was applied to 

save intermediate models. The total training process was completed in approximately 45 minutes.  

 

 

 

 

 

 

 

 

Figure 3: Distribution of anchor box areas (in pixels) with respect to their aspect ratios 

Figure 3 shows the distribution of aspect ratios of the manually annotated rectangles during training, plotted 

against their corresponding areas within the images. It can be observed from the figure that the distribution 

appears approximately uniform on average. Anchor boxes were estimated from the training data using a 

method based on the intersection-over-union (IoU) distance metric (Figure 4). The reason for using an IoU-

based distance metric is its invariance to box sizes, unlike the Euclidean distance metric, which tends to 

produce larger errors as box dimensions increase (Redmon & Farhadi, 2017). In addition, it was considered 

that the IoU metric would cause boxes corresponding to the lung region—generally having similar aspect 

ratios and sizes across the images—to be clustered together, thus resulting in anchor boxes that better fit the 

data. 

 

 

 

 

 

 

 

 

Figure 4: Mean IoU values obtained by using different numbers of anchor boxes. 



 
Abut / IoU-Based Anchor Box Estimation for Enhanced Lung Region Localization in Chest X-rays Using YOLO v4 

 

259 

A mean IoU value of approximately 0.83 is achieved using two anchor boxes, and the mean IoU is improved 

up to about 0.88 by increasing the number of anchor boxes to six. Beyond six anchor boxes, only marginal 

improvements in mean IoU are observed. Given these results, multiple object detectors are planned to be 

trained and evaluated using anchor box counts between 2 and 6. This empirical analysis is conducted to 

determine the optimal number of anchor boxes required to balance detection accuracy and computational 

efficiency. The IoU value improves significantly up to 6 anchor boxes (0.883), after which the gains become 

marginal (Figure 5). Based on this, 6 anchor boxes were selected as a balance between performance and 

model complexity for further training and evaluation. 

Six anchor boxes were estimated and sorted in descending order based on their areas. Thus, larger anchor 

boxes were assigned to lower-dimensional feature map layers of the network, while smaller anchor boxes 

were assigned to higher-dimensional feature map layers. This approach enabled more effective detection of 

lung regions at different scales. 

 

 

 

 

 

 

 

 

Figure 5: Mean IoU values obtained by using different numbers of anchor boxes. 

2.4. Evaluation Metric (Average Precision)  

For performance evaluation, the Average Precision (AP) metric was employed since the model detects a 

single class (lung_region). The AP was computed at an Intersection-over-Union (IoU) threshold of 0.5, 

corresponding to the conventional mAP@0.5 criterion used in object detection tasks. This threshold ensures 

that the predicted bounding boxes have at least 50% overlap with the ground-truth annotations, which is 

considered sufficient for reliable localization. Additionally, the mean IoU between predicted and annotated 

boxes was analyzed as a complementary measure to assess the spatial alignment quality. The relationship 

between the number of anchor boxes and the mean IoU was also examined to balance detection accuracy 

and computational efficiency. 
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Regardless of the interpolation strategy employed, the Average Precision (AP) is calculated separately for 

each object class. In datasets containing a large number of classes, it is often desirable to summarize 

detection performance with a single, representative metric.  

 

3. RESULTS AND DISCUSSIONS 

3.1. Results  

The performance of the trained object detection model was evaluated using a dedicated test set consisting 

of 144 chest X-ray images. It should be noted that the test dataset consists of 144 images, which constitutes 

a relatively small sample. While the results demonstrate promising lung region detection performance, 

larger-scale evaluation on diverse datasets would be necessary to fully validate the generalizability of the 

method. The evaluation focused on assessing the model’s ability to accurately detect the lung_region class. 

Figure 6: Representative detection outcomes from the test set with Grad-CAM visualizations using the D-RISE 

method (Petsiuk et al., 2021):True positive, false positive, and false negative cases are shown; detailed column 

descriptions are provided in the main text. 

 

It should be clarified that the detected single class, lung_region, does not correspond to a pathology. The 

aim is to isolate the lung area in chest X-rays to reduce irrelevant information and improve model attention, 

rather than to detect diseases. Hence, the single-class detection serves as a preprocessing step for 

downstream tasks and does not limit the framework’s potential applicability to disease detection with 

additional data. 
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Figure 6 illustrates representative detection outcomes from the test set, complemented by Grad-CAM 

visualizations generated using the D-RISE method (Petsiuk et al., 2021). The first column shows true 

positive cases where the lung region is correctly detected by the model. The second column presents false 

positive cases in which non-lung areas were mistakenly identified as lung regions. The third column displays 

false negative cases, where actual lung regions were present but not detected by the model. This breakdown 

highlights both the strengths and limitations of the YOLOv4-based localization approach. 

A low detection threshold of 0.01 was used during inference to ensure that a broad range of detections could 

be captured. This strategy facilitated the analysis of the model’s precision over a wide spectrum of recall 

values, thereby enabling a more comprehensive performance characterization. 

The evaluation was conducted based on the average precision (AP) metric, which integrates both the ability 

of the model to correctly classify detected objects (precision) and its ability to retrieve all relevant instances 

(recall). The computed AP value for the lung_region class was 0.9043, indicating that the detector achieved 

high precision while maintaining a substantial level of recall (Figure 7). 

 

 

 

 

 

 

 

Figure 7: Precision–recall (PR) curve for the lung_region class obtained from the test dataset. 

The corresponding precision-recall (PR) curve, shown in Figure 7, revealed that precision remained 

consistently at 1.0 throughout a large portion of the recall range, with a gradual decline observed only at 

higher recall levels. This behavior suggests that the model was able to detect most of the relevant lung 

regions without introducing a significant number of false positives. 

Figure 6 presents representative detection outcomes from the test set, along with Grad-CAM visualizations 

generated using the D-RISE method (Petsiuk et al., 2021). In the true positive cases (left column), the YOLO 

v4 model achieved high detection scores (> 0.99) and the activation maps show strong spatial 

correspondence between high-intensity regions and the annotated lung fields, indicating that the network 

effectively focused on relevant anatomical structures. In contrast, false positives (middle column) primarily 
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occurred when non-lung anatomical regions such as the clavicle, shoulder, or mediastinal area were 

misclassified as lung regions. The associated Grad-CAM maps reveal attention leakage toward surrounding 

high-contrast structures, often outside the intended lung boundaries. False negatives (right column) illustrate 

instances where lung regions were present but not detected; although activation maps occasionally showed 

partial focus on the lungs, this attention was insufficient to trigger a detection output. These failure cases 

suggest potential improvements through enhanced anchor box tuning, inclusion of more challenging training 

examples, and augmentation strategies that increase robustness to anatomical variability and low-contrast 

imaging conditions. 

Overall, the D-RISE visualizations provide valuable insight into the model’s decision-making process, 

highlighting both strengths in accurate lung localization and limitations leading to missed or spurious 

detections. 

In addition, a confusion matrix in Equation (1) was generated to provide further insight into the classification 

performance. As shown below, the model produced 124 true positives, 13 false positives, 7 false negatives, 

and 0 true negatives: 

TP FN 124 7
=

FP TN 13 0

   
   
     

(1) 

 

This matrix confirms the high sensitivity of the detector, although it also highlights a modest false positive 

rate. Nevertheless, given the high AP score and the favorable shape of the PR curve, it can be concluded 

that the model performs reliably in detecting lung regions in chest X-ray images. 

Based on these results, the lung region was correctly detected in 124 out of the 144 images in the test group. 

In 7 cases, an area outside the actual lung region was incorrectly detected as a lung region, while in 13 chest 

X-ray images, the detector failed to identify a region despite the presence of an actual lung region. Figure 6 

presents five representative examples each of true positives, false positives, and false negatives. 

In comparison to previous works using YOLO‑based object detection in chest imaging, our approach 

focuses specifically on bounding‑box localization and cropping of the lung region rather than pathology 

classification. For instance, Detection Method of Chest X‑ray Lung Nodules Based on Improved YOLOv3 

Model(Yan, 2020) used an improved YOLOv3 architecture to detect lung nodules on chest X‑rays and 

reported a detection accuracy of approximately 61% on nodules.  

Meanwhile, Anomalies Detection in Chest X‑Ray Images Using Faster R‑CNN and YOLO (2025) applied 

YOLOv5s to identify five different thoracic abnormalities and reported AP@0.5 and AP@[0.5:0.95] values 

of roughly 0.616 and 0.322 respectively on 2,500 X‑ray images (Nguyen et al., 2023).  
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By contrast, our method achieves a mean IoU of 0.883 and an AP of 0.9043 for the lung_region class in a 

144‑image test set. Although direct comparisons are limited due to differing tasks and datasets, the strong 

localization performance of our method suggests that bounding‑box cropping of the lung region may provide 

a robust preprocessing step for downstream diagnostic models. 

3.2. Discussion 

Accurate localization of lung regions is a critical prerequisite for computer-aided diagnosis (CAD) systems 

targeting thoracic pathologies such as Atelectasis, Cardiomegaly, and Pleural Effusion. In this study, YOLO 

v4 was selected due to its proven balance between detection speed and accuracy, aligning with prior 

evaluations demonstrating its superior real-time performance even on moderate GPUs ℅ (Bochkovskiy et 

al., 2020) and other benchmarks in medical contexts (Ragab et al., 2024). 

The relatively small size of the test dataset may limit the generalizability of the model and increase the risk 

of overfitting. Future studies with larger and more diverse datasets are needed to validate and further 

improve the robustness of the proposed approach. 

Future work could explore strategies to further enhance model robustness and generalizability. Approaches 

such as data augmentation, transfer learning, and domain adaptation may help address the limitations 

imposed by the relatively small dataset, reduce overfitting, and improve performance across diverse patient 

populations and imaging conditions. Implementing these techniques could facilitate the extension of the 

current framework to multi-class detection tasks and broader clinical applications. 

The high AP score (0.9043) and the PR curve characteristics suggest that the proposed model can reliably 

detect lung regions in chest X-rays while maintaining low false-positive rates. The IoU-based anchor box 

estimation played a pivotal role in optimizing detection accuracy (Redmon & Farhadi, 2016), consistent 

with prior reports that IoU-based clustering outperforms Euclidean distance for object detection tasks in 

medical imaging (Redmon & Farhadi, 2016). Despite the encouraging results, some false positives and false 

negatives were observed. The false positives often occurred in regions adjacent to the diaphragm or 

mediastinum, potentially due to overlapping soft tissue densities. False negatives were mainly associated 

with atypical lung shapes or reduced contrast in diseased lungs, highlighting a limitation in model 

generalization to highly variable anatomical presentations. 

IoU-based anchor box optimization helps the model focus on actual lung regions by excluding irrelevant 

areas such as image borders or markers. These non-lung regions can distract deep networks, so aligning 

anchors with lung fields reduces such noise and conceptually improves feature learning and downstream 

performance. 
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Future research should address these limitations by integrating contrast enhancement techniques, multi-view 

learning, and domain adaptation to handle variations across datasets. Additionally, incorporating 

explainability methods such as Grad-CAM could aid in model interpretability, thereby increasing clinician 

trust in AI-assisted diagnostic workflows (Han et al., 2022; Holzinger et al., 2020) 

The Grad-CAM and D-RISE visualizations provide insights into the regions of the chest X-rays that the 

model focuses on during lung region detection, enhancing the clinical interpretability of the results. In this 

study, we plan to incorporate these visualizations in ablation experiments to systematically evaluate how 

excluding or modifying certain image regions affects model attention and performance. This approach will 

help demonstrate the reliability of the model’s focus and support the interpretability of automated detection 

outcomes. 

4. CONCLUSION  

This study demonstrated that YOLO v4, combined with IoU-based anchor box optimization, provides an 

effective and computationally efficient solution for lung region detection in chest X-ray images. Using six 

optimized anchor boxes yielded a high AP score of 0.9043 and robust detection performance across the test 

set, confirming the suitability of this approach for clinical pre-processing tasks in computer-aided diagnosis 

(Bochkovskiy et al., 2020; Redmon & Farhadi, 2017). 

The accurate identification of lung regions facilitates subsequent diagnostic tasks, including the detection 

and classification of Atelectasis and other thoracic pathologies. While some false positives and false 

negatives persist, these can be mitigated through enhanced preprocessing, increased dataset diversity, and 

the integration of advanced explainability techniques (Bochkovskiy et al., 2020; Holzinger et al., 2020; 

Redmon & Farhadi, 2016). 

Given its strong performance and scalability, the proposed method holds significant potential for 

deployment in automated radiology pipelines, improving workflow efficiency and diagnostic consistency 

in clinical settings. 

DATA AVAILABILITY 

The MATLAB implementation of the YOLOv4-based lung region detection framework, including functions 

for annotation and cropping, is publicly available at:  

• https://www.mathworks.com/matlabcentral/fileexchange/182683-chestx-lungcrop 
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