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Abstract 

Fruit segmentation is an essential task due to its importance in accurate disease prevention, yield 
estimation, and automated harvesting. However, accurate object segmentation in agricultural 
environments remains challenging due to visual complexities such as background clutter, occlusion, 
small object size, and color-texture similarities that lead to camouflaging. Traditional methods often 
struggle to detect partially occluded or visually blended fruits, leading to poor detection 
performance. In this study, we propose a context-aware segmentation framework designed for 
orchard-level mango fruit detection. We integrate multiscale feature extraction based on PVTv2 
architecture, a feature enhancement module using Atrous Spatial Pyramid Pooling (ASPP) and 
attention techniques, and a novel refinement mechanism employing a position-based layer 
normalization (PLN). We conducted a comparative study against established segmentation models, 
employing both quantitative and qualitative evaluations. Results demonstrate the superior 
performance of our model across all metrics. An ablation study validated the contributions of the 
enhancement and refinement modules, with the former yielding performance gains of 2.43%, 3.10%, 
5.65%, 4.19%, and 4.35% in S-measure, mean E-measure, weighted F-measure, mean F-measure, and 
IoU, respectively, and the latter achieving improvements of 2.07%, 1.93%, 6.85%, 4.84%, and 2.73%, 
in the said metrics. 

Keywords: camouflage detection; feature enhancement; fruit detection; multiscale feature extraction; 
precision agriculture; semantic segmentation 
 

1. Introduction 

Artificial intelligence and computer vision play a critical role in achieving precision agriculture, 
enabling automated farming implementation and analysis of crops. Semantic segmentation, a 
subfield of computer vision, involves classifying each pixel in an image, allowing localization of 
objects and regions in a scene. It is a fundamental component in agriculture automation, facilitating 
timely analysis of plant health, accurate yield estimation, and targeted intervention. However, in 
agriculture, many target objects are camouflaged or blend naturally with their surroundings, 
complicating the segmentation process. This is especially true in orchard-level fruit segmentation, 
where factors such as occlusion, varying lighting conditions, and cluttered backgrounds amplify the 
difficulty of the task. In addition to this, there is a high degree of inter-class similarity, particularly 
when localizing unripe fruits.  

Detecting camouflaged objects is a unique and challenging area of research, as it deals with 
identifying objects that blend into their surroundings—either naturally or artificially—making them 
difficult to distinguish from the background. Various methods and strategies have been proposed to 
effectively segment camouflaged objects, including multi-level detection [1,2], feature enhancement 
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and augmentation [3,4], and advanced attention mechanisms [5,6], among others. Moreover, 
dedicated datasets have also been introduced, primarily focusing on camouflaged animals and 
marine life [7–9], with more recent efforts extending to plant camouflage [10]. 

One of the primary goals of model modifications is to improve the context-awareness of the 
segmentation framework at both local and global levels. Context-awareness enables models to 
distinguish between visually similar objects, enhance object localization accuracy, enrich feature 
representation by combining local details with global semantics, effectively manage occlusion and 
clutter, and robustly handle objects of varying sizes. These attributes are crucial for achieving reliable 
detection models for agriculture applications.  

Fruit detection, whether through bounding boxes or pixel-wise segmentation, is a widely 
adopted downstream application in the existing literature, owing to its importance in accurate 
disease prevention, yield estimation [11], and automated harvesting [12]. Deep learning has been 
extensively used to develop models for this application, enabling systems to learn complex 
informative features from visual data [13]. Recent advances in fruit segmentation employs additional 
techniques to further improve accuracy. In [14], fruit shape priors is introduced in the process to 
overcome segmentation difficulty due to occlusion. To tackle class imbalance, [15] proposed an 
augmentation technique that enhances representation of underrepresented classes.  

While many studies focus on fruit detection under favorable conditions, comparatively few 
studies have addressed the unique challenges associated with fruits that exhibit low visual contrast 
with their natural surroundings. These camouflaged or visually ambiguous instances often hinder 
conventional detection methods, making them less reliable in real-world orchard environments. This 
highlights the need for more advanced models and strategies capable of handling complexities 
common in agricultural settings.   

Recognizing these limitations, this study seeks to develop a deep learning-based model that 
incorporates camouflaged object detection techniques to improve the segmentation of fruits within 
complex tree environments. We propose a three-component transformer-based segmentation 
framework that combines a pyramid transformer for multiscale feature processing, a context-aware 
feature enhancement technique for feature modulation, and a feature refinement module for precise 
and accurate prediction. Our contributions are as follows:  

(1) developing an end-to-end framework via hierarchical feature representation and enrichment 
mechanisms, for orchard-level mango fruit segmentation, targeting object that blend into their 
surroundings,  

(2) implementing a feature enhancement mechanism by integrating Atrous Spatial Pyramid 
Pooling (ASPP) and dual attention modules to effectively capture and emphasize both local 
details and global contextual information, 

(3) developing a feature refinement technique that employs a modified layer normalization, 
termed Position-based Layer Normalization (PLN), to improve the accuracy and 
discriminative quality of extracted features, and 

(4) introducing an enhanced mango fruit segmentation dataset focused on targets that blend into 
their background. 

2. Related Work 

In this section, we explore relevant studies that apply semantic segmentation in agriculture, 
focusing on works that utilize milestone models. We also include research addressing the challenges 
of camouflaged object detection, and methods that incorporate context-aware mechanisms to 
improve model performance in complex visual environments. 
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2.1. Semantic Segmentation in Agriculture 

Semantic segmentation techniques have been widely applied in agriculture [16]. Various 
milestone segmentation models were explored in different agricultural applications. In [17], a 
framework based in Unet++ [18] was employed for microscopic image segmentation of wheat scab. 
In [19], SegFormer [20] was combined with multi-task learning to develop a model for segmenting 
crop lines and leaf damage. The architecture uses a transformer with overlapping patch embeddings 
and a CNN-like hierarchical structure to preserve spatial information, eliminating the need for 
positional encodings. In [21], DeepLabv3+ [22] was employed for accurate two-stage segmentation of 
apple leaf diseases. The framework adopts an encoder-decoder architecture and leverages Atrous 
Spatial Pyramid Pooling (ASPP) with varying dilation rates to capture multiscale context and 
improve segmentation accuracy. We selected these widely recognized models as baselines to provide 
a comprehensive benchmark for evaluating the effectiveness and performance of our proposed 
model. 

2.2. Camouflaged Object Detection 

To address camouflaged objects in general, several detection and segmentation methods and 
techniques were introduced. In [23], multiscale feature extraction, feature fusion, and feature 
modulation were combined to overcome poor camouflaged object definitions. To reduce the 
interference from salient objects, [24], explored multi-task learning by focusing on both salient and 
camouflaged object detection tasks. In addition, adversarial learning and boundary enhancement 
techniques were added to magnify object and background boundaries.  

Because many camouflaged objects take advantage of texture and color similarities to divert 
attention, [2] leveraged frequency domain information to enhance edge features and reduce noise 
interference caused by these texture similarities. In [25], a dual-decoder approach that integrates 
coarse body features with fine details was introduced to enhance the representation of camouflaged 
objects.  Most proposed architectures generally follow a common structure: an encoder to extract 
features, a feature modulation component to improve context and detail, and a decoder that refines 
and reconstructs the final segmentation map. 

2.3. Context-aware Feature Learning 

Context-awareness plays a vital role in detection and segmentation tasks, particularly when 
target objects are visually subtle or difficult to distinguish from their surroundings. Many studies 
have explored the use of context-aware models to address object detection difficulties in complex 
environment. In [26], to overcome the difficulty in detecting apple diseases due to texture 
complexities, a context-aware attention mechanism was employed to modulate channel information 
and improve model’s focus to disease characteristics. In [27], a context-aware feature enhancement 
module was implemented to overcome weak texture cues and background complexities. To address 
the issue of insufficient feature representation in small object detection, [28] proposed a spatial 
context-aware mechanism that integrates both global average and max pooling to enrich local and 
global contextual features. In [29], context-aware semantic segmentation is achieved by leveraging 
the powerful attributes of a MetaFormer—an architectural framework that unifies Transformer- and 
CNN-based models—in both the encoder and the decoder. In this study, we aim to enhance the 
contextual-awareness of the segmentation model by integrating enhancement and refinement 
mechanisms throughout the segmentation pipeline. 

3. Materials and Method 

The overall concise architecture of the proposed model, dubbed as FCNet (fruit camouflage-
aware network) is depicted in Figure 1. 
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Figure 1. The proposed Fruit Camouflage-aware Network (FCNet) Segmentation Model. Three major 
components: a multiscale feature extractor (MFE), a feature enhancement module (FEM), and a feature 
refinement (FR) block. 

3.1. Overall Model Architecture 

The architecture of our model is adapted from [10], which serves as our baseline, but 
incorporates several modifications to improve performance. It consists of three major components: a 
multiscale feature extractor (MFE), a feature enhancement module (FEM), and a feature refinement 
(FR) block. All of which have four stages. The MFE leverages hierarchical feature representation to 
allow the model to capture semantic information at different receptive fields, which is essential when 
images of interest varied in sizes or irregular in shapes [30]. The FEM aims to further strengthen the 
learned representations by incorporating contextual information and emphasizing distinct features. 
This is critical when dealing with objects that are seamlessly blended with their surroundings. To 
further boost the accuracy of the model, the FR module enhances the decoder’s output by fine-tuning 
the segmentation results. 

3.2. Multiscale Feature Extraction 

The MFE is consists of a transformer-based backbone to extract object cues and a channel 
reduction (CR) block to compress the output dimensions for subsequent processing, as shown in 
Figure 2. We employed pyramid vision transformer v2 (PVTv2), particularly b2 variant [31], 
pretrained on ImageNet, and initialized with PCamo weights from [10], as the backbone of our 
model. The hierarchical design of the PVTv2 allows capturing of information from different levels of 
spatial resolution, generating spatially informative and semantically rich feature maps that are 
effective for dense prediction tasks. The architecture of the feature extractor comprises four main 
blocks, each contributing distinct and informative cues to the overall representation.  

Given an image 𝐼, feature extraction is performed in four stages, with each stage producing 
feature maps of increasing embedding dimensions: 64, 128, 320, and 512, from stage 1 to stage 4. 
Stages with smaller embedding dimensions focus on capturing shallow features and low-level 
details. In contrast, stages with larger embedding dimensions allow the capture of deeper features 
and high-level semantic information. Each output from the feature extractor is passed through the 
CR block comprising a 1×1 convolution that reduces the channel dimension to 64, followed by PLN 
for normalization, and a ReLU activation to introduce non-linearity. The outputs of the MFE are fed 
to the four-stage FEM for feature modulation. 
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Figure 2. Multiscale Feature Extractor (MFE). Consists of PVTv2-b2 backbone and Channel Reduction (CR) 
Block. EB, EL, and SA stand for embedding dimension, encoder layer and self-attention, respectively. 

3.3. Context-Aware Feature Enhancement 

When dealing with objects that exhibit poor visual distinction—such as those that share similar 
appearance with their environment, have vague edges, irregular shapes, are occluded, incomplete or 
small in size—context-aware feature enhancement becomes essential to improve their detectability 
and segmentation accuracy. In this paper, we adopted the feature enhancement framework 
introduced in [10]. It integrates both an ASPP and an attention mechanism [32] to capture both local 
and global contextual information. Let the output features from the four stages of the MFE be denoted 
as 𝐹௜ୀଵ,ଶ,ଷ,ସ, and the enhanced feature as 𝐹ᇱ, then the ASPP can be defined by Equation (1), where 𝑌௝ 
is the output of the j-th atrous convolution, and 𝑑௝ is the dilation rate, specifically (1, 8, 16, 24) in this 
study. A single-stage FEM can then be formulated using Equation (2), where Attn denotes the 
application of an attention mechanism. 𝑌௝ ൌ 𝐶𝑜𝑛𝑣ଷൈଷ൫𝐹;𝑑௝൯                                                                         ሺ1ሻ 𝐹௜ᇱ ൌ 𝐴𝑆𝑃𝑃ሺ𝐹௜ሻ ∙ 𝐴𝑡𝑡𝑛൫𝐴𝑆𝑃𝑃ሺ𝐹௜ሻ൯                                                            ሺ2ሻ 
3.4. Multilevel Feature Refinement 

We introduced a multilevel feature refinement technique that works in a top-down manner. Our 
unique FR module incorporates a layer normalization in place of the more commonly used batch 
normalization, a ReLU activation, and a 2D convolution, in the order as stated.  In contrast to 
standard layer normalization [33], which is primarily designed for language models, we tailored the 
normalization to suit vision applications, where inputs typically follow the [batch, channel, height, 
width] format. Our modified layer normalization, PLN, applies normalization along the channel 
dimension at each spatial position independently, rather than applying global normalization across 
features as in standard layer normalization. This design enables more effective adaptation to spatially 
varying feature distributions [34,35]. As illustrated in Figure 1, feature refinement is applied to each 
of the four outputs of the MFE module. The FR blocks, denoted as 𝐹𝑅௜ୀଵ,ଶ,ଷ,ସ, input and output 64 
channels using a 3×3 kernel with no dilation. Let 𝐹ᇱ be the final enhanced output feature map of the 
FEM series and 𝑃௙௜௡௔௟  be the final output prediction of the model, then the multi-level feature 
refinement process can be expressed by Equation (3).  𝑃௙௜௡௔௟ ൌ 𝐹𝑅ଵሺ𝐹ଵ ൅ 𝐹𝑅ଶሺ𝐹ଶ ൅ 𝐹𝑅ଷሺ𝐹ଷ ൅ 𝐹𝑅ସሺ𝐹ᇱ ൅ 𝐹ସሻሻሻሻ                                     ሺ3ሻ 

3.5. Dataset Preparation 

This study utilized the MangoNet dataset [36], which comprises 44 high-resolution images, 
4000×3000 pixels in size, of mango trees in fruiting stage, with most images capturing entire trees. In 
model training, it is a common practice to resize input images to smaller dimensions to reduce 
computational cost. However, directly applying such resizing to our images would lead to a 
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significant loss of critical information, particularly because the target objects—mango fruits—are 
relatively small, averaging only 40×70 pixels in size.  Hence, the high-resolution images were 
segmented into smaller images of size 224×224 pixels, yielding a total of 9,724 image patches.  

To avoid unwanted skews and biases in the learning process, the image patches with no target 
objects were removed, leaving only a few. The resulting dataset was split into training, validation, 
and test sets, containing 2,008, 446, and 108 samples, respectively. Although the total number of 
images is relatively modest, each image contains multiple instances of the target object resulting in a 
large number of labeled examples. Furthermore, the task involves a single object class, reducing the 
model’s complexity requirements and likelihood of overfitting. Additionally, since the original 
images feature mature mango fruits with distinct coloration from the background, their color was 
adjusted to green to better simulate the appearance of young mango fruits across different varieties, 
as shown in Figure 3. Moreover, improving the blending with the surroundings is important to more 
realistically simulate real-world camouflage and make the segmentation task more challenging. 

 

Figure 3. Color modification before and after. The modification removes reddish tones, shifts colors to green to 
better represent unripe mangoes across varieties, and enhances blending to simulate real-world agricultural 
camouflage. 

3.6. Model Training and Loss Computation 

The model was trained with image input size of 224×224 pixels, batch size of 16, and a learning 
rate of 1e-4. The following pseudocode provides the workflow of the training process. Given input 
images 𝐼, the PVTv2 backbone extracts multi-scale feature maps, which are unified to 64 channels by 
the CR module. These are enhanced by the FEM, and the final enhanced feature 𝐹ᇱ  undergoes 
convolution, batch normalization, and ReLU to generate the initial prediction and compute the stage 
1 loss. Simultaneously, refinement is carried out in a top-down manner. The first FR stage takes 𝐹ସ 
and the final enhanced feature 𝐹ᇱ  as inputs. Subsequent stages receive both the corresponding 
feature map and the refined output from the previous stage.  

 
FCNet: Training Pipeline (Pseudocode) 𝐹௜ - output feature at PVT 𝑖 stage, 𝐹௜ᇱ - enhanced feature, 𝑟𝑓௝ - refined feature at 𝑗 stage 𝑃ଵ𝑙𝑜𝑠𝑠 – initial stage loss, 𝑃ଶ𝑙𝑜𝑠𝑠 - final stage loss 
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𝐼 ∈ ℝ஻×஼×ு×ௐ ∶ input image batch 
for iterative refinement = 2 
    𝐹௜ = PVTStage୧ሺ𝐹௜ିଵ| 𝑖 = 1,2,3,4),     if 𝑖 = 1,  𝐹 = 𝐼 
    𝐹෨௜(଺ସ ௖௛௔௡௡௘௟௦) = ChannelReduction(𝐹௜)                 where  𝐶௜ ∈ ሼ64, 128, 380, 512ሽ 
    𝐹௜ୀଵ,ଶ,ଷ,ସᇱ = EnhancementModule൫𝐹෨௜  +  𝐹௜ିଵᇱ ൯ 
    Let 𝐹௜ୀସᇱ = 𝐹ᇱ: 
        𝐹ᇱᇱ = 𝑅𝑒𝐿𝑈 ቀ𝐵𝑎𝑡𝑐ℎ𝑛𝑜𝑟𝑚൫𝐶𝑜𝑛𝑣(𝐹ᇱ)൯ቁ                          
        𝑃ଵ 𝑙𝑜𝑠𝑠 = 𝑙𝑜𝑠𝑠_𝑓𝑛(𝐹ᇱᇱ)                                                                  
         for 𝑗 in [4, 3, 2, 1]: 
              if 𝑗 = 4 
                     𝑟𝑓௝ୀସ = RefinementModule(𝐹௝ +  𝐹ᇱ) 
              else 
                     𝑟𝑓௝ = RefinementModule(𝐹௝ +  𝑟𝑓௜ାଵ)          𝑃ଶ 𝑙𝑜𝑠𝑠 = 𝑙𝑜𝑠𝑠_𝑓𝑛(𝑟𝑓ଵ)                                                                𝑙𝑜𝑠𝑠_𝑠𝑡𝑎𝑔𝑒1. 𝑎𝑝𝑝𝑒𝑛𝑑(𝑃ଵ 𝑙𝑜𝑠𝑠) 
    𝑙𝑜𝑠𝑠_𝑠𝑡𝑎𝑔𝑒2. 𝑎𝑝𝑝𝑒𝑛𝑑(𝑃ଶ 𝑙𝑜𝑠𝑠) 
end 
return  𝑡𝑜𝑡𝑎𝑙 𝑙𝑜𝑠𝑠 = 𝑙𝑜𝑠𝑠_𝑠𝑡𝑎𝑔𝑒1 + 𝑙𝑜𝑠𝑠_𝑠𝑡𝑎𝑔𝑒2           

We employed a combination of weighted binary cross-entropy (BCE) loss and weighted 
Intersection-over-Union (IoU) loss as the overall loss function, a strategy commonly adopted in 
segmentation tasks to balance pixel-wise accuracy and region-level consistency. Given the predicted 
probabilities 𝑝 ∈ ሼ0, 1ሽ and the ground truth labels 𝑦 ∈ ሼ0, 1ሽ, then the weighted BCE and IoU losses 
can be defined by Equations (4) and (5), respectively. The parameters 𝑤ା and 𝑤ି represent the loss 
weights assigned to foreground and background samples, respectively. The 𝑤  in ℒ௪ூ௢௎  is 
introduced to address class imbalance, as our dataset contains a significantly higher proportion of 
background pixels compared to foreground. The stage 1 and stage 2 losses can then be computed using 
Equation (6). ℒ௪஻஼ா = − 1𝑁෍ሾ𝑤ା𝑦௜ log(𝑝௜))ே

௜ୀଵ + 𝑤ି(1 − 𝑦௜) log(1 − 𝑝௜)]                                 (4) 

ℒ௪ூ௢௎ = 1 − ∑𝑤 ∙ (𝑝 ∙ 𝑦)∑𝑤 ∙ (𝑝 + 𝑦 − 𝑝 ∙ 𝑦) + 𝜖                                                         (5) ℒ = ℒ௪஻஼ா + ℒ௪ூ௢௎                                                              (6) 
Since, the entire process runs in two iterations, computation of losses is done in each step. The final 
model loss ℒ௙௜௡௔௟ is achieved by adding the losses in every iteration. A weight 𝜇 is added to give 
less importance to losses from the previous iteration. If 𝑖 represents the iteration, and ℒଵ and ℒଶ 
are the stage 1 and stage 2 losses, we can express ℒ௙௜௡௔௟  through Equation (7). This approach is 
adopted from the loss computation strategy in [10]. ℒ௙௜௡௔௟ = ൫𝜇ℒଵ೔సభ + ℒଵ೔సమ൯ + ൫𝜇ℒଶ೔సభ + ℒଶ೔సమ൯                                                 (7) 

We conducted training experiments with and without data augmentation, employing flipping, 
rotation, and color jittering to enhance diversity and improve model generalization. To avoid 
overfitting during training, an early stopping callback based on the validation mean absolute error 
was implemented. 

3.7. Testing and Evaluation 

3.7.1. Baseline Segmentation Models 

Four established models were selected for comparison: Unet++ [18], Segformer [20], Deeplabv3+ 
[22], and PCNet [10], which is our baseline model. The first three models were chosen because of their 
distinct and exemplary contribution in the evolution of semantic segmentation architectures. They 
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were implemented using the framework provided in [37], while the baseline model was reproduced 
using its publicly available code. 

3.7.2. Evaluation Metrics 

Our model was evaluated using both quantitative and qualitative approaches. Several standard 
metrics for segmentation task such as Intersection over Union (IoU), Mean Absolute Error (MAE), 
Structure Measure (S-measure), Enhanced-alignment Measure (E-measure), and Harmonic Mean 
Measure (F-measure) were employed for quantitative evaluation.  

IoU is a simple and straightforward evaluation metric that quantifies the overlap between the 
predicted (pred) mask and the ground truth (gt) mask. Let TP, FP and FN represent true positive, false 
positive, and false negative, respectively. Then, IoU is defined by: 𝐼𝑜𝑈 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁                                                                        (8) 

MAE quantifies the overall error in the prediction by averaging the absolute differences between 
the corresponding pixels of the predicted (pred) and ground truth (gt) maps. Given the predicted map 𝐶 ∈ [0, 1]ு×ௐ  and the ground truth map 𝐺 ∈ [0, 1]ு×ௐ , where 𝐻  and 𝑊  denote the height and 
width of the map, respectively, then we can express MAE as shown in Equation (9).  𝑀𝐴𝐸 =  1𝐻 × 𝑊෍෍ห𝐺௜௝ − 𝐶௜௝หௐ

௝ୀଵ
ு
௜ୀଵ                                                             (9) 

The S-measure (𝑺𝜶) [38] assesses the structural similarity between pred and gt maps, giving 
attention on region-aware and object-aware similarities. It is formulated in Equation (10), where 𝑆௢ 
and 𝑆௥ define the object-aware and region-aware structural similarities, respectively. 𝑆ఈ = 𝛼𝑆௢ + (1 − 𝛼)𝑆௥                                                                    (10)  

E-measure (𝑬𝝓) [39] evaluates the alignment of pred and gt maps in both pixel- and image-level. 
It can be defined by Equation (11), where 𝑓൫𝜉ிெ(𝑥,𝑦)൯ is the enhanced alignment matrix. 𝐸థ =  1𝐻 × 𝑊෍෍𝑓൫𝜉ிெ(𝑖, 𝑗)൯ௐ

௝ୀଵ
ு
௜ୀଵ                                                         (11) 

F-measure (𝑭𝜷) [40] combines precision and recall to provide a single score that balances the 
trade-off between the two. It is calculated using Equation (12), where 𝛽ଶ determines the relative 
importance of precision and recall. 𝐹ఉ = (1 + 𝛽ଶ) × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙𝛽ଶ × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙                                                   (12)  

In particular, the metrics included in the evaluation of the proposed model include MAE, S-
measure (𝑆ఈ), where α is set to 0.5, adaptive E-measure (𝐸ఝ௔ௗ), mean E-measure (𝐸ఝ௠), adaptive F-
measure (𝐹ఉ௔ௗ), mean F-measure (𝐹ఉ௠), and weighted F-measure (𝐹ఉ௪), where 𝛽ଶ = 0.3, giving more 
emphasis to precision than recall. The Dice similarity coefficient which quantifies the similarity 
between pred and gt masks was only utilized in the training process. The inclusion of these metrics 
aims to capture subtle differences and structural alignment, which are particularly relevant for objects 
with fine details, ambiguous boundaries, and those that blend into the background. 

3.8. Architectural Enhancements 

Three major modifications were introduced to the baseline model to enhance its performance. 
First, layer normalization replaced batch normalization in the CR module to improve feature 
consistency across varying spatial distributions. Secondly, the dilation rates in the ASPP component 
of the FEM were set to slightly larger values to increase the receptive field, aiming to enhance the 
contextual understanding of our model. These values were determined empirically through 
experimentation. And third, we introduced a new design for feature refinement by adopting a 
LayerNorm → ReLU → Convolution sequence in our FR module. This design follows the structure 
implemented in [33] and [41] where layer normalization is applied before the activation function. 
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This approach helps reduce input noise and improves feature consistency, and has been shown to 
promote greater training stability, particularly in transformer-inspired architectures [42]. This 
strategy led to a significant improvement in our model’s performance, as demonstrated by our 
results. 

4. Results and Discussion 

This study aims to enhance the performance of existing segmentation methods, focuses 
particularly on detecting objects that are subtle or visually blended into their surroundings—a 
common challenge in agriculture applications. To validate the performance of our model, we utilized 
multiple evaluation metrics to provide a comprehensive assessment of its effectiveness in 
segmentation tasks, particularly mango fruit segmentation, and compared the results with widely 
recognized models. All models were trained and evaluated using 224×224-pixel images from the 
adapted MangoNet dataset. 

4.1. Quantitative Evaluation 

Table 1 presents the performance of different models on unedited (A) and color-edited (B) 
Mango test sets. As shown, the proposed model exhibited superior performance compared to the 
baseline models, achieving higher results in 7 out of 8 evaluation metrics in both datasets. The lower 
MAE indicates that our model has excellent precision at a very fine level. Additionally, its high 𝑆ఈ 
shows that its predictions are structurally accurate. That means the predicted masks have minimal 
distortion in shape compared with the gt masks. The model also achieved comparable E-measures 
indicating proficiency at both global and local alignment.  Furthermore, it surpassed the other 
models in  𝐹ఉ௪, demonstrating strong performance in effectively balancing precision and recall. On 
top of this quantitative evaluation, the model was further assessed using average precision (AP) and 
PR-curve, as shown in Figure 4. While the proposed model has a lower AP compared to [10], it 
demonstrates superior overall precision when compared to other established models. 

Table 1. Comparison of the proposed model with established segmentation models. Scores above are from the 
unedited dataset (A); scores below are from the color-edited version (B). Best results are highlighted in bold. 

Model  𝑴𝑨𝑬 𝑺𝜶 𝑬𝝋𝒂𝒅 𝑬𝝋𝒎 𝑭𝜷𝒂𝒅 𝑭𝜷𝒎 𝑭𝜷𝒘 IoU 

Unet++ (resnet34)  
A 0.023 0.793 0.902 0.914 0.660 0.710 0.679 0.6098 
B 0.020 0.800 0.923 0.917 0.700 0.737 0.713 0.6376 

Segformer 
A 0.025 0.793 0.865 0.901 0.614 0.713 0.664 0.6227 
B 0.021 0.793 0.891 0.920 0.654 0.723 0.691 0.6282 

DeepLabv3+ 
A 0.021 0.796 0.914 0.934 0.664 0.733 0.705 0.6339 
B 0.022 0.779 0.893 0.925 0.646 0.718 0.694 0.6251 

PCNet (baseline) 
A 0.022 0.802 0.874 0.904 0.634 0.718 0.676 0.6379 
B 0.022 0.810 0.869 0.919 0.641 0.742 0.695 0.6683 

FCNet (Ours)  
A 0.019 0.826 0.900 0.934 0.685 0.752 0.735 0.6731 
B 0.018 0.823 0.923 0.935 0.707 0.759 0.764 0.6706 

For further assessment, we evaluated our model using external data. These are data collected 
from different sources, not part of the dataset. These images introduce variations in quality, color 
balance, lighting, resolution, and mango variety, thereby presenting a challenging scenario that 
effectively tests the model's ability to generalize across diverse, unseen external data distributions. 
We conducted evaluations at five different image resolutions: 224×224, 384×384, 416×416, 512×512, 
and 786×786 pixels. The corresponding results are presented in Table 2. The results suggest that the 
variations in input image resolution affects the model’s performance. 
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Table 2. Performance of the model on external data with different image resolutions. 

Image size MAE IoU 
224×224 0.031 0.5576 
384×384 0.034 0.5850 
416×416 0.035 0.5872 
512×512 0.036 0.5645 
786×786 0.043 0.4160 

 

(a) (b) 

Figure 4. Average Precision (AP) and Precision-Recall (PR) curve. Higher AP means better overall performance 
in distinguishing between positive and negative samples. 

4.2. Qualitative Evaluation 

For visual assessment, a manual inspection of the predicted segmentation masks was conducted 
to evaluate the model’s ability to accurately delineate target objects. This qualitative evaluation aims 
to identify the strengths and potential failure cases of our model. Figure 5 presents ten image samples 
from the test set, alongside with the ground truths and the corresponding prediction masks generated 
by the models included for comparison. Figure 6 displays the performance of our model on external 
data. 

Several key patterns emerged from the visual inspection of the models’ prediction masks. In 
general, all the models demonstrated satisfactory performance in segmenting mango fruits. While 
the Unet++ has sharper predictions on salient objects, the proposed model achieved superior 
performance in capturing camouflaging fruits. Compared to PCNet, the proposed model exhibits 
fewer false positives, leading to cleaner prediction masks. Figure 6 demonstrates that the model 
performs reasonably well, even when tested on images that are different from the training data. It 
successfully captures both large and small target objects, indicating good generalization ability. 
However, some limitations remain. In particular, the predicted masks for large objects occasionally 
exhibit imperfections, and a few small targets are missed. This suggests areas where further 
refinement is needed. 
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Figure 5. Visual comparison. Random images from test set (1st row). Ground truth masks (2nd row). Prediction 
mask of the proposed FCNet model (3rd row). Prediction masks of other models (4th to 7th rows). 
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Figure 6. Performance of FCNet on external data 

To assess the model’s confidence in detecting mango fruits, we visualize the prediction masks 
as heatmaps, as shown in Figure 7. Despite the cluttered background, some occlusions, and 
appearance similarity between the fruits and their background, our proposed model effectively 
identified and localized the target fruits, demonstrating strong segmentation performance under 
difficult conditions. In the 1st and 3rd images, some objects, highlighted in red, were missed during 
annotation due to their strong visual blending with their surroundings. Interestingly, our model was 
able to detect these regions, albeit with lower confidence. While our model demonstrates exemplary 
overall performance, some false positives and false negatives remain, suggesting potential areas for 
further refinement. 

 

Figure 7. Red indicates high confidence in predicting foreground (positive class), while blue denotes low 
confidence. 

4.3. Ablation Study 

Several modifications were made to the baseline model to better address the mango fruit 
detection task, resulting in our proposed model. To achieve better performance, the following steps 
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were undertaken: employ the PCamo pretrained weights, replacing batch normalization with our 
modified layer normalization in the CR and FR module, adjusting the dilation rates from [1, 6, 8, 12] 
to [1, 8, 16, 24], removing the feedback mechanism, and incorporating a redesigned refinement 
module. Table 3 and Table 4 summarize the impact of these adjustments. It is important to note that 
the baseline architecture was trained from scratch without any pre-initialized weights. 

As shown in Table 3, the first modification involved replacing batch normalization with PLN in 
both the channel reduction and feature refinement modules, which showed striking improvements 
across all evaluation metrics. Another significant improvement was achieved by training the model 
using the checkpoint weights from [10]. Moreover, increasing the dilation rates in the FEM and 
removing the feedback connection from the original architecture resulted in a noticeable performance 
improvement. For our final model, we incorporated a novel FR module, which further enhanced the 
model's overall performance, as demonstrated by the results. To verify the individual contributions 
of the FEM and FR mechanisms, we selectively bypassed each component. The results reveal a 
substantial decline in performance when either module is removed, which highlights the critical role 
of both FEM and FR components in enhancing the model’s segmentation performance. 

Table 4 further highlights the contribution of each architectural modification in reducing the 
MAE of the model. The low MAE results indicate that the model demonstrates strong generalization 
capabilities. While the test MAE values are slightly higher, this is expected when evaluating on 
unseen data. Notably, the narrow margin between validation and test MAE suggests that the model 
is not overfitting and that the training process was effective in capturing meaningful and 
generalizable features. The highest discrepancy is only 0.018, which is considered within an 
acceptable range. These results confirm the model's robustness and reliability in handling diverse 
inputs beyond the training set. 

Table 3. Ablation Results. Impact of modifications on model’s performance. Note that the baseline model also 
has its own enhancement and refinement modules. These were modified and replaced later in the following 
versions. Version 7 is the final version of the proposed FCNet Model. 

Model 
version Modifications 𝑺𝜶 𝑬𝝋𝒎 𝑭𝜷𝒘 𝑭𝜷𝒎 

v1 baseline architecture 0.683 0.739 0.438 0.532 
v2 LN 0.776 0.890 0.657 0.703 
v3 PT + LN 0.804 0.911 0.688 0.720 
v4 PT + LN + DR 0.804 0.917 0.703 0.729 
v5 PT + LN + NF 0.803 0.923 0.701 0.730 
v6 PT + LN + DR + NF 0.816 0.927 0.738 0.760 
v7 PT + LN + DR + NF + newFR  0.823 0.935 0.744 0.764 
v8 v7 w/o refinement module 0.806 0.917 0.693 0.727 
v9 v7 w/o FEM 0.803 0.906 0.702 0.732 

Legend: Employed PCamo pretrained weights (PT), replaced batch normalization with PLN in the CR and FR 
module (LN), adjusted the dilation rates from [1, 6, 8, 12] to [1, 8, 16, 24] (DR), removed the feedback mechanism 
(NF), and incorporated a redesigned refinement module (newFR). 

Table 4. Mean Absolute Error (MAE) comparison across different model version on the validation and test 
sets. 

Model 
version Modifications MAE 

(Validation) 
MAE 
(Test) 

v1 baseline architecture 0.022 0.040 
v2 LN 0.012 0.024 
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v3 PT + LN 0.012 0.022 
v4 PT + LN + DR 0.012 0.022 
v5 PT + LN + NF 0.012 0.022 
v6 PT + LN + DR + NF 0.010 0.018 
v7 PT + LN + DR + NF + newFR  0.009 0.018 
v8 v7 w/o refinement module 0.011 0.022 
v9 v7 w/o FEM 0.012 0.021 

4.4. Discussion and Limitations 

Object segmentation in agricultural setting remains to be a challenging task because of problems 
like camouflaging due to background complexities, occlusion, small object size, texture and color 
similarities. In traditional orchard-level fruit detection, partially hidden or camouflaged objects are 
often ignored. This is because, in most cases, the majority of fruits are clearly visible, allowing models 
to achieve satisfactory overall performance without explicitly addressing the more challenging 
instances. In this study, we aimed to tackle these challenges by introducing context-awareness in the 
segmentation model pipeline. We employed multi-scale feature extraction using PVTv2 as the 
model’s backbone to better capture both fine details and broader context through multiple spatial 
resolutions.  

The addition of enhancement and refinement modules significantly improved the performance 
of our model, as evidenced by our results. Notably, the impact of the enhancement and refinement 
mechanisms are most pronounced in the F-measure, which indicates that these techniques enhance 
the effectiveness of the model in balancing both precision and recall. Stated differently, this suggests 
that the addition of both FEM and FR components enhances the ability of the model to capture critical 
features and details, leading to more accurate predictions. As discussed, the FEM incorporates an 
ASPP component designed to capture features at different spatial scales. While increasing the dilation 
rates in ASPP improves the model's global perspective, excessively high rates may result in the loss 
of fine local details, causing model’s performance to drop. Hence, balance between dilation rates and 
local context is important to ensure the model captures both global and local information. 

Correspondingly, employing PLN in the CR and FR modules, instead of batch normalization, 
demonstrated considerable improvement. Batch normalization has been shown to provide smoother 
optimization, accelerate convergence, and minimizes overfitting in convolutional neural networks. 
However, it has also several shortcomings, including sensitivity to batch size, difficulties with 
unbalanced datasets, and reduced effectiveness when there is a significant shift between training and 
testing data distributions, among others [43,44]. Layer normalization was introduced to overcome 
these limitations. Different from the standard layer normalization, the PLN applies normalization 
along the channel dimension at every spatial position, independently. This design ensures that each 
spatial location is normalized based on its own channel-wise statistics, preserving the spatial 
structure of the feature map. Additionally, it is important to note that pretraining the model on a 
task-specific dataset, as we have done, may enhance the model’s learning process, thereby leading to 
improved performance.  

Despite the noticeable performance improvement of our model, certain limitations were 
observed. While our model demonstrated fewer false positives compared to the baseline, it 
occasionally failed to detect some objects that the baseline successfully identified. Additionally, our 
qualitative results revealed instances of false negatives, particularly in very small fruits. 

5. Conclusions and Future Works 

We have demonstrated in this study the effectiveness of a context-aware segmentation 
framework in addressing the challenges of object segmentation within complex environments, 
particularly in the detection of mango fruits at the orchard level. By incorporating multi-scale feature 
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extraction with PVTv2, a dedicated feature enhancement module composed of ASPP and attention 
components, and tailored refinement mechanisms, our model achieved significant improvements 
over the baseline and other established architectures. The PLN which normalizes across channels in 
each spatial location, the attention-guided feature modulation that focuses on both global and local 
contexts, and a layer normalization-ReLU-convolution structure refinement mechanism allow the 
model to accurately detect mango fruits even in challenging scenarios involving camouflaging objects 
in cluttered backgrounds. Our ablation study validated the contributions the enhancement and 
refinement modules in improving precision. Despite these advances, certain limitations remain, 
including occasional missed detection, especially in smaller objects. In future work, we aim to 
develop more effective feature modulation techniques that incorporate both global and local 
attention mechanisms, specifically targeted at addressing these challenges. 
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