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Abstract— Forest health monitoring is critical for ecological stability and carbon management. 
Dead trees serve as indicators of forest decline and increase the risk of wildfires. Traditional 
surveys are costly and limited in scale, making automated aerial detection vital. This paper 
presents a Multi-Modal Transformer Framework integrating RGB and Near Infrared data for 
accurate detection and counting of standing dead trees. The system employs three deep learning 
architectures U-Net, Feature Pyramid Network and U-Net++ with modality-specific encoders 
and transformer fusion layers to jointly optimize segmentation and counting tasks. 
Experimental evaluation using the Aerial Imagery for Standing Dead Tree Segmentation 
dataset demonstrates that the U-Net++ (ResNet-50) model achieved superior performance with 
an F1-score of 0.518, highlighting its capability for scalable and accurate forest health 
assessment. 
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I. INTRODUCTION 

Forests play a vital role in maintaining global ecological balance, yet tree mortality from climate stress, pests and 
wildfires poses serious challenges. Detecting standing dead trees accurately enables timely forest management 
and conservation planning. Traditional field surveys are slow and limited, while remote sensing using drones or 
UAVs provides large-scale imagery for automated analysis. However, identifying dead trees from aerial images 
remains difficult due to occlusion, varying canopy density, and spectral similarity. Deep learning-based semantic 
segmentation has shown promise [7], but single-modal approaches often fail to capture fine-grained and 
contextual features. This paper introduces a transformer-based multi-modal framework combining RGB and NIR 
data for accurate dead tree detection and counting. The architecture leverages attention mechanisms to fuse 
features across modalities [2],[4],[6] achieving improved performance in complex forest environments. 

II. LITERATURE REVIEW 

Recent research highlights deep learning’s success in remote sensing segmentation [3], [7]. ADA-Net employed 
contrastive learning for multispectral imagery adaptation.  
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Dual-Task Learning U-Net used self-attention and watershed segmentation to enhance boundaries, achieving 
41% accuracy improvement [12]. YOLOv4 + MobileNetV3 offered efficient UAV detection with 97.3% 
accuracy. MSSCN introduced spatial attention with Gaussian kernel labeling for improved precision. LLAM-
MDCNet utilized multi-density connections for vegetation anomaly detection [16]. In 2024, Junttila et al. 
analyzed boreal forest canopy mortality in Finland using long-term satellite data, confirming increased canopy 
decline due to climate stress. Hence, our proposed system aims to bridge this gap by leveraging multiple 
modalities and self-attention fusion layers [12], [13]. 

III. PROPOSED SYSTEM 

The proposed system (Fig 4) integrates three core components: (1) modality-specific encoders, (2) transformer-
based feature fusion, and (3) dual-task prediction heads for segmentation and counting.  

A. Dataset Preparation 

The dataset, sourced from Kaggle’s 'Aerial Imagery for Standing Dead Tree Segmentation', contains UAV 
images and corresponding masks [9]. Images were resized to 256×256 pixels, normalized, and augmented using 
flips, rotations, and brightness adjustments [3]. 

B. Model Architecture 

U-Net (Fig. 1) and U-Net++ (Fig. 2) are encoder–decoder networks with skip connections [7], [11]. FPN (Fig. 3) 
enhances multi-scale feature learning through pyramid fusion [13]. The proposed framework adds transformer 
blocks between encoder and decoder layers to capture long-range dependencies across modalities [2]. [6]. 
Feature fusion is achieved via self-attention mechanisms integrating RGB and NIR features into a unified latent 
space [4], [12].  

                   
        Figure 1. U-Net Architecture                       Figure 2. FPN Architecture                   Figure 3. U-Net++ Architecture 

C. Training and Optimization 

Each model was trained using Binary Cross-Entropy (BCE) and Dice losses for segmentation, combined with L1 
loss for counting accuracy [3]. Training was performed on GPU-enabled environments with Adam optimizer, 
learning rate 1e-4, batch size 8, and 12 epochs. 

 
Figure 4. Flow of work 
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D. Dataset Description 

The dataset used for this study is the Aerial Imagery for Standing Dead Tree Segmentation dataset sourced from 
Kaggle [9]. It consists of high-resolution aerial or UAV images of forested regions; each paired with pixel-level 
annotations identifying standing dead trees. The dataset was pre-processed to standardize image dimensions, 
normalize pixel values, and convert annotations into a binary mask format (dead tree = 1, background = 0). Data 
augmentation techniques, including rotations, flips, scaling, and brightness adjustments, were applied to increase 
the dataset size and diversity [3]. The data was then split into training (70%), validation (15%), and test (15%) 
subsets to ensure unbiased evaluation. 

IV. RESULTS AND DISCUSSION 

A. Parameters For Evaluation 

The models were evaluated using multiple metrics commonly applied in segmentation tasks [3], [7]. These 
metrics (Fig. 5-8) provide a comprehensive assessment of the model’s performance in accurately detecting and 
segmenting dead trees. 

B. Validation Loss 

Validation loss measures how well the model predicts the segmentation mask on unseen validation data during 
training. A lower validation loss indicates that the model’s predictions closely match the ground-truth masks. 
Among the models, FPN_Res34 achieved the lowest validation loss (0.0585), followed by U-Net++_Res50 
(0.0905) and UNet_Res34 (0.1152). 

𝑉𝐴𝐿 𝐿𝑂𝑆𝑆 =
୆୧୬ୟ୰୷ େ୰୭ୱୱ ୉୬୲୰୭୮୷ ା ୈ୧ୡୣ ୐୭ୱୱ

ଶ
              (1) 

  
Figure 5. U-Net Architecture                                       Figure 6. FPN Architecture 

 
Figure 7. U-Net++ Architecture 

C. Intersection over Union (IoU)   

IoU quantifies the overlap between the predicted and ground-truth masks [7]. A higher IoU indicates better 
alignment. U-Net++_Res50 achieved the highest IoU (0.368), indicating its superior ability to localize dead trees 
in images compared to UNet_Res34 (0.313) and FPN_Res34 (0.288).        

𝐼𝑂𝑈 =
୘୔

୘୔ା୊୔ା୊୒
               (2) 

D. Dice Coefficient   

Dice coefficient measures similarity between predicted and true masks [3], emphasizing both false positives and 
false negatives. U-Net++_Res50 again outperformed other models with a Dice score of 0.518, highlighting its 
capability to capture detailed tree boundaries effectively. 
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𝐷𝑖𝑐𝑒 =
ଶ ୘୔

ଶ୘୔ା୊୔ା୊୒
                 (3) 

E. Precision and Recall   

Precision represents the proportion of correctly predicted dead tree pixels among all predicted pixels, while 
recall measures the proportion of actual dead tree pixels correctly predicted. FPN_Res34 achieved the highest 
precision (0.645), suggesting it was highly confident in its positive predictions but had lower recall (0.342), 
indicating it missed many true dead tree pixels. U-Net++_Res50 achieved a balance between precision (0.642) 
and recall (0.482), making it more reliable overall. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
୘୔

୘୔ା୊
                (4) 

𝑅𝑒𝑐𝑎𝑙𝑙  =
୘୔

୘୔ା୊
                     (5) 

F. F1 Score   

The F1 score is the harmonic mean of precision and recall [3], providing a single measure of overall 
performance. U-Net++_Res50 achieved the highest F1 score (0.518), making it the best-performing model 
among the three evaluated. This indicates that it not only predicts dead tree pixels accurately but also captures a 
significant portion of all actual dead trees in the dataset. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ ቀ
୔୰ୣୡ୧ୱ୧୭୬ାୖୣୡୟ୪୪

୔୰ୣୡ୧ୱ୧୭୬∗ୖୣୡୟ୪୪
ቁ          (6) 

 
Figure 8. Evaluation metrics 

G. Experimental Results 

Performance was evaluated using metrics including Intersection over Union (IoU), Dice Coefficient, Precision, 
Recall, and F1-score [7]. Table I and Fig. 9 presents comparative performance of U-Net_Res34, FPN_Res34, 
and U-Net++_Res50. The U-Net++ model achieved the highest IoU and F1-score, proving its superior 
segmentation ability, particularly for small and occluded trees. Visual inspection indicates that U-Net++ 
effectively distinguishes between dead and healthy canopies with minimal noise. Transformer fusion improved 
the consistency of predictions across spectral domains [2], [6], [12], showing robustness under varying lighting 
and forest density 

TABLE I. EVALUATION METRICS 

Model Val Loss IoU Dice Precision Recall F1 Accuracy 
UNet_Res34 0.1152 0.3132 0.4480 0.5766 0.4282 0.4366 0.9640 
FPN_Res34 0.0584 0.2884 0.4170 0.6453 0.3421 0.4056 0.9478 
UNet++_Res50 0.0904 0.3680 0.5178 0.6419 0.4822 0.5178 0.9776 
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Figure 9. Result Structure 

V. CONCLUSION AND FUTURE WORK 

This study developed and evaluated a Multi-Modal Transformer Framework for detecting and counting standing 
dead trees in UAV imagery. Among the compared architectures, U-Net++ (ResNet-50 backbone) demonstrated 
the best overall accuracy and segmentation fidelity. Future work includes expanding the dataset with 
hyperspectral imagery, incorporating attention modules [4], and deploying the model for real-time UAV forest 
monitoring. Integration with GIS systems and semi-supervised learning can further improve scalability and 
reduce annotation costs. 
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