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AbstractBackground removal is commonly applied in image classification to suppress irrelevant visual information and 

emphasize the target object. However, its contribution to disease classification may depend on whether background elimination 

also modifies contextual, boundary, and texture information used by deep feature extractors. This study evaluates the effect of 

background removal on five-class mango fruit disease classification using a hybrid ResNet50–Support Vector Machine (SVM) 

framework. A paired experimental design was constructed from 834 matched MangoFruitDDS image pairs representing 

Alternaria, Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot. The paired data were stratified into 667 training and 167 

test samples for each image condition. ImageNet-pretrained ResNet50 was used as a frozen feature extractor, producing 2,048-

dimensional feature vectors that were standardized and classified using an optimized SVM. Background-removed images 

achieved a higher cross-validation macro F1-score (0.7559) than original images (0.7340). However, evaluation on the identical 

test set showed higher performance for original images, with 76.05% accuracy, 0.7687 macro F1-score, and 0.9541 macro ROC-

AUC, compared with 74.25%, 0.7445, and 0.9425, respectively, after background removal. The effect was class-dependent: 

Healthy improved after background removal, whereas several disease classes declined, suggesting that removing the background 

may alter contextual, boundary, or texture-related information contributing to ResNet50 feature representations. Exact McNemar 

testing showed no statistically significant difference between the paired predictions (p = 0.783846). These findings indicate that 

developers should not assume hard background removal universally improves plant disease classification; class-specific 

validation and feature-preserving or attention-based alternatives should be considered. 
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1. INTRODUCTION 

Mango (Mangifera indica L.) is one of the most economically and nutritionally important fruit commodities. 

However, the quality and productivity of mango fruit can be adversely affected by various diseases occurring during 

both the growing and postharvest stages. Several diseases commonly found in mango fruit include Alternaria, 

Anthracnose, Black Mould Rot, and Stem-End Rot. Anthracnose may cause irregular black lesions on the fruit 

surface, whereas Black Mould Rot can lead to the development of black fungal growth and tissue softening. Stem-

End Rot typically develops from the stem end of the fruit and may result in discoloration, tissue softening, and 

postharvest decay. These conditions highlight the importance of accurate disease identification to maintain fruit 

quality and reduce postharvest losses [1].  

Manual disease identification based on visual observation has several limitations, as different diseases may 

exhibit similar visual characteristics. Advances in computer vision and deep learning offer an alternative approach to 

classifying diseases using visual features extracted from images. Convolutional Neural Networks (CNNs) are 

capable of automatically learning patterns related to color, texture, shape, and other visual characteristics. In 

addition to training CNNs from scratch, transfer learning enables the use of models pre-trained on large-scale 

datasets to address classification problems with relatively limited data. Prabhu et al. demonstrated the effectiveness 

of this approach for mango disease classification by comparing various CNN and Transformer architectures. 

ResNet50 achieved a testing accuracy of 97.34%, while the Swin Transformer achieved 98.28% [2]. 

ResNet50 is a CNN architecture that can be employed not only as an end-to-end classifier but also as a deep 

feature extractor. Feature representations generated by CNNs can be combined with machine learning algorithms to 

construct hybrid classification models. One algorithm suitable for this purpose is the Support Vector Machine 

(SVM), which determines an optimal decision boundary between classes in the feature space. The use of SVM for 

plant disease classification has demonstrated competitive performance. Mookkandi et al., for example, combined 

Local Gabor XOR Pattern (LGXP) feature extraction with several SVM kernels. On a mango disease dataset, SVM 

performance was strongly influenced by the kernel employed; the linear kernel achieved a testing accuracy of 

99.88%, whereas the coarse Gaussian kernel achieved 83.50%. These findings indicate that, in addition to feature 

quality, classifier configuration plays an important role in distinguishing diseases with closely related visual 

characteristics. 

In addition to model selection, image preprocessing can substantially influence the visual representations 

generated by a classification model. Segmentation and background removal are commonly employed to suppress 

visual information outside the target object, with the expectation that reducing irrelevant background content allows 

the model to focus more effectively on disease-related regions. Bezabh et al. [3] ,for example, incorporated K-

Means and Mask R-CNN-based segmentation into a mango disease classification pipeline and reported an accuracy 

of 99.21% using an ensemble of GoogLeNet and VGG16. Such findings demonstrate the potential value of 
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segmentation as part of a computer vision pipeline; however, they do not establish that removing the background 

itself is universally beneficial. 

This assumption presents an important methodological issue. In object-centered image classification, 

background pixels are often treated as irrelevant information that should be removed before feature extraction. 

However, convolutional neural networks generate feature representations from spatial patterns of pixel intensities, 

local gradients, edges, textures, and their hierarchical combinations. Consequently, hard foreground-background 

separation may change not only the amount of background information but also the visual distribution around object 

boundaries. Contextual information associated with object appearance, illumination, contrast, and boundary 

structure may therefore be altered during background removal. For disease classes whose discriminative 

characteristics depend on subtle surface textures or lesion boundaries, such transformations may affect the resulting 

deep feature representation rather than simply eliminate noise. 

A study particularly relevant to this issue was conducted by Yehulu et al. [1] using MangoFruitDDS, the 

same dataset employed in the present study. Their pipeline applied background removal using rembg together with 

additional preprocessing procedures, including resizing, normalization, denoising, and augmentation, followed by 

feature extraction using MobileNetV3 and classification using several machine-learning algorithms. The 

MobileNetV3-Large and XGBoost combination achieved high classification performance. However, because 

background removal was incorporated together with several other preprocessing and modeling procedures, the 

independent contribution of background removal could not be isolated from the overall pipeline. 

Therefore, a specific research gap remains regarding whether background removal itself provides a consistent 

advantage for mango fruit disease classification when sample identity, data partitioning, feature extraction, classifier 

configuration, and evaluation procedures are controlled. This issue is particularly relevant because the intuitive 

assumption that a cleaner object representation should improve classification may not hold when background 

removal simultaneously changes contextual or boundary-related visual information. Furthermore, comparisons 

based on different image samples may confound the effect of preprocessing with differences in sample composition. 

A controlled paired comparison is therefore required to determine whether the removal of background information 

produces a measurable improvement in classification performance [4], [5]. 

The primary contribution of this study is a controlled evaluation of background removal in mango fruit 

disease classification using a paired-image design. Unlike pipelines in which background removal is combined with 

multiple preprocessing operations, the present comparison maintains identical sample identities, data partitions, 

feature extraction architecture, classifier family, and evaluation procedures across the two image conditions. In 

addition to aggregate classification metrics, class-wise performance and confusion patterns are analyzed to 

determine whether the effect of background removal is consistent across disease categories. Finally, the Exact 

McNemar Test is applied to the paired test predictions to determine whether differences between the two image 

conditions are statistically significant. Through this design, the study investigates whether removing the background 

consistently improves ResNet50–SVM classification or whether its effect depends on the visual characteristics of 

individual disease classes.  

2. RESEARCH METHODOLOGY 

This study employed a controlled comparative experimental design to evaluate the effect of background removal on 

mango fruit disease classification using a hybrid deep learning–machine learning framework [7]. ImageNet-

pretrained ResNet50 was employed as a frozen deep feature extractor, while Support Vector Machine (SVM) was 

used as the classifier. Two corresponding image conditions were evaluated: original images and background-

removed images [8]. To minimize confounding effects arising from differences in sample identity, both conditions 

were constructed from matched image pairs and processed using identical data partitions, ResNet50 preprocessing, 

feature extraction procedures, classifier optimization strategies, and evaluation metrics. Thus, the principal 

experimental factor being compared was the image condition associated with the presence or removal of background 

information. 

2.1 Research Stages 

The research procedure consisted of dataset validation and image pairing, stratified data splitting, image 

preprocessing, ResNet50-based deep feature extraction, feature standardization, SVM hyperparameter optimization, 

test-set evaluation, and paired statistical analysis. The MangoFruitDDS dataset contained five mango fruit condition 

classes: Alternaria, Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot. Two image conditions were 

considered: original images and their corresponding background-removed versions. 

Initially, 862 original images and 838 background-removed images were identified. Because the number of 

images differed between the two conditions, a pairing procedure based on class labels and image identities was 

performed before data splitting. Only images with valid counterparts under both conditions were retained. This 

procedure resulted in 834 matched image pairs, ensuring that the comparison between the two conditions was based 

on the same mango fruit samples. 
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The 834 matched pairs were subsequently divided into training and testing subsets using a stratified 80:20 

split with a random state of 42. This procedure produced 667 training samples and 167 testing samples for each 

image condition. Identical split indices were applied to the original and background-removed images so that 

corresponding images remained in the same subset. An identity-based overlap check between the training and 

testing subsets yielded an overlap of zero, indicating that no paired image identity was shared between the two 

subsets. 

Each image was resized to 224 × 224 pixels and represented using three RGB channels. ResNet50-specific 

preprocessing was then applied before feature extraction. ImageNet-pretrained ResNet50 was used without its final 

classification layer, and its parameters were kept frozen throughout feature extraction. Global average pooling 

produced a 2,048-dimensional feature vector for each image. Consequently, each condition generated a training 

feature matrix of 667 × 2,048 and a testing feature matrix of 167 × 2,048. 

The extracted features were standardized using parameters estimated from the training data and subsequently 

classified using SVM. Hyperparameter optimization was performed using GridSearchCV with 5-fold stratified 

cross-validation and macro F1-score as the selection criterion. The optimized models were then evaluated on the 

identical paired test samples using accuracy, macro precision, macro recall, macro F1-score, confusion matrix, and 

ROC-AUC. Finally, the Exact McNemar Test was applied to the paired predictions to determine whether the 

difference between the two image conditions was statistically significant [11]. 

 

Figure 1. Research stages of mango fruit disease classification using ResNet50–SVM 

Figure 1 illustrates the controlled paired experimental design employed in this study.. A single paired dataset 

is divided into two image conditions, namely Original Images and Background-Removed Images. Both conditions 

are then processed through an identical ResNet50–SVM pipeline and subsequently brought together at the 

evaluation stage for performance comparison and statistical significance testing using the Exact McNemar Test [12]. 

2.2 Dataset and Preprocessing 

The dataset used in this study was MangoFruitDDS, which contains mango fruit images representing five 

conditions: Alternaria, Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot. Two image representations 

were considered in the experiment: SenMangoFruitDDS_original, containing the original images, and 

SenMangoFruitDDS_bgremoved, containing their background-removed counterparts. According to the description 

of MangoFruitDDS reported by Yehulu et al. [1], background removal was performed using rembg as part of the 

dataset preprocessing procedure. In the present study, the available background-removed images were used as 

provided; therefore, the background-removal algorithm itself was not retrained or modified. 

The original directory contained 862 images distributed across the five classes, whereas the background-

removed directory contained 838 images. Because not every original image had a corresponding background-

removed counterpart, the two directories were not directly used in their entirety. Instead, image validation and 
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pairing were performed using class labels and image identities. After this procedure, 834 valid image pairs were 

obtained. The final paired distribution consisted of 165 Alternaria, 127 Anthracnose, 182 Black Mould Rot, 205 

Healthy, and 155 Stem-End Rot images under each condition, as presented in Table 1. 

Table 1. Dataset distribution after the pairing process 

Class Original Background Removed 

Alternaria 165 165 

Anthracnose 127 127 

Black Mould Rot 182 182 

Healthy 205 205 

Stem End Rot 155 155 

Total 834 834 

Table 1 presents the distribution of paired images used in this experiment. To establish comparable 

experimental conditions, an image validation and matching process was performed based on class labels and the 

identity of each image. This stage also included an examination of file names that could potentially result in 

duplicate identities. After the validation and matching processes were completed, 834 valid image pairs available 

under both conditions were obtained.  

 

Original Images 

 

Background-Removed Images 

Figure 2. Examples of original and background-removed images used in the study 

Figure 2 presents representative images from the five classes under two conditions: the first row shows the 

original images, while the second row shows the corresponding background-removed images. The use of paired 

images was intended to control differences in sample composition. Each original image and its corresponding 

background-removed version represented the same underlying mango fruit sample. Therefore, identical sample 

identities and identical train-test assignments were maintained across the two experimental conditions. 

An important consideration in this comparison is that background removal represents a transformation of the 

image rather than merely the deletion of unrelated pixels. Hard foreground-background separation can potentially 

modify pixel intensities around the fruit boundary and create sharper transitions between the foreground object and 

the replacement background. Such changes are relevant to CNN-based feature extraction because convolutional 

filters respond to local intensity variations, gradients, edges, and textures. Consequently, possible boundary 

alterations introduced by the background-removal process may contribute to differences between the feature 

representations extracted from the original and background-removed images. 

However, the present study did not directly quantify boundary artifacts produced by rembg. Therefore, 

potential edge or boundary alterations are treated as a methodological consideration and a possible explanation for 

subsequent feature and classification differences rather than as an experimentally established artifact. This 

distinction is important because the primary objective of the present experiment was to evaluate the downstream 

classification effect of the two available image conditions, rather than to benchmark or optimize the background-

removal algorithm itself. 

The 834 paired images were subsequently partitioned using a stratified 80:20 split with a random state of 42, 

resulting in 667 training and 167 testing images for each condition. The same split indices were applied to both 

image representations. Before feature extraction, all images were resized to 224 × 224 pixels with three RGB 

channels and processed using the preprocessing function associated with ImageNet-pretrained ResNet50. Apart 

from the existing difference between the original and background-removed image representations, all subsequent 

preprocessing, feature extraction, classification, and evaluation procedures were kept identical between the two 

experimental conditions [13]. 
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In this study, the original and background-removed images were not combined into a single training dataset. 

Instead, they were treated as two separate experimental conditions with identical image pairs and data partitions. 

This strategy was adopted to allow the effect of background removal on feature representations and classification 

performance to be directly evaluated without being confounded by differences in the number or identity of the 

samples. 

2.3 ResNet50 Feature Extraction and SVM Classification 

A hybrid deep learning–machine learning framework was employed by using ImageNet-pretrained ResNet50 as a 

frozen deep feature extractor and SVM as the final classifier. This configuration separates visual representation 

learning from classification: ResNet50 transforms each input image into a high-dimensional feature representation, 

whereas SVM determines the decision boundaries among the five mango fruit condition classes. [14] [15] .[16] 

ResNet50 employs residual connections that allow information to propagate through deep convolutional 

layers. A residual block can be generally expressed as: 

   ( , )           (1) 

where  denotes the input to the residual block,  ( , )represents the residual transformation parameterized 

by  , and  denotes the block output. In this study, ResNet50 was initialized with ImageNet-pretrained weights and 

configured without its original classification layer. All ResNet50 parameters remained frozen, and no fine-tuning 

was performed. Each 224 × 224 × 3 input image was propagated through the convolutional backbone, and Global 

Average Pooling was applied to the final convolutional feature maps to obtain a 2,048-dimensional feature vector. 

Feature extraction was performed separately on the training and testing sets for both image conditions. For 

the original images, the extraction process generated a feature matrix of 667 × 2,048 for the training set and 167 × 

2,048 for the testing set. The same dimensions were obtained for the background-removed images. An examination 

of the resulting feature matrices confirmed the absence of Not a Number (NaN) and infinite (Inf) values, indicating 

that all extracted feature representations were valid for the subsequent classification stage. 

Prior to SVM classification, the extracted feature vectors were standardized. For each feature dimension, 

standardization can be expressed as: 

   
     

     

  
             (2) 

where   is the original value of feature  , while   
     and   

     are the mean and standard deviation 

estimated from the training data. The same training-derived parameters were subsequently applied to the test 

features to prevent information from the test set from influencing the transformation. The standardized feature 

vectors were classified using SVM. Both linear and Radial Basis Function (RBF) kernels were evaluated. For the 

nonlinear case, the RBF kernel is defined as: 

 (  
,   )      (         

 )      (3) 

where  controls the influence of individual training samples in the feature space. Hyperparameter 

optimization was conducted using GridSearchCV with 5-fold stratified cross-validation. The evaluated values of 

 were 0.1, 1, 10, and 100, while the RBF gamma configurations included scale, auto, 0.001, and 0.01. Macro F1-

score was used as the model-selection criterion to provide equal contribution from each class despite differences in 

class frequency. 

2.4 Model Performance Evaluation 

Model performance was evaluated using the testing data, which were not involved in the hyperparameter selection 

process. The evaluation metrics included accuracy, precision, recall, F1-score, confusion matrix, and ROC-AUC. 

For multiclass evaluation, precision, recall, and F1-score were calculated using macro averaging, ensuring that each 

class contributed equally to the final metric. Accuracy represents the proportion of correctly classified samples 

among all testing samples and is expressed as: 

         
     

           
       (4) 

Precision measures the model's ability to generate correct positive predictions: 

          
  

     
       (5) 

Recall measures the model's ability to correctly identify actual positive samples: 

       
  

     
        (6) 

Meanwhile, the F1-score represents the harmonic mean of precision and recall: 
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       (7) 

In addition to these metrics, a confusion matrix was employed to analyze classification error patterns for each 

class. This analysis is important for identifying disease classes with similar visual characteristics that are more likely 

to be confused by the model. The model's discriminative ability was also evaluated using the Receiver Operating 

Characteristic–Area Under the Curve (ROC-AUC). For the five-class classification problem, ROC-AUC was 

calculated using the One-vs-Rest (OvR) approach, allowing the model's ability to distinguish each individual class 

from the remaining classes to be analyzed separately. 

Because the original and background-removed datasets used the same 167 paired test images, the evaluation 

was further complemented by the Exact McNemar Test [9]. This test was employed to determine whether 

differences in the patterns of correct and incorrect predictions between the two image conditions were statistically 

significant. The null hypothesis (H₀) stated that there was no significant difference in classification performance 

between the two conditions, whereas the alternative hypothesis (H₁) stated that a significant difference existed. The 

significance level was set at α = 0.05. Therefore, H₀ was rejected when the p-value was < 0.05. 

3. RESULT AND DISCUSSION 

This study evaluated the effect of background removal on the classification of five mango fruit conditions using a 

hybrid ResNet50–SVM approach. The experiment was conducted under two image conditions, namely original 

images and background-removed images, using identical pairs of training and testing data. The evaluation was 

performed sequentially, starting from dataset validation, feature extraction using ResNet50, SVM hyperparameter 

optimization, performance testing on the test set, classification error analysis, and statistical evaluation using the 

Exact McNemar Test.. 

3.1 Dataset Analysis and Feature Extraction Results 

The initial dataset under the original image condition consisted of 862 images covering five classes: Alternaria, 

Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot. Meanwhile, the background-removed dataset contained 

fewer images. This difference in dataset size prevented the two datasets from being directly compared in their 

entirety because not all original images had corresponding counterparts in the background-removed condition. 

Therefore, a matching process based on class labels and image identities was conducted to obtain equivalent 

experimental samples. 

The matching process resulted in 834 valid image pairs. The final distribution consisted of 165 Alternaria 

images, 127 Anthracnose images, 182 Black Mould Rot images, 205 Healthy images, and 155 Stem-End Rot images 

under each condition. By using identical image pairs, the effect of background removal could be analyzed without 

bias caused by differences in the objects included in the original and background-removed datasets. 

Table 2. Distribution of images used in the experiment 

Class Original Background Removed 

Alternaria 165 165 

Anthracnose 127 127 

Black Mould Rot 182 182 

Healthy 205 205 

Stem End Rot 155 155 

Total 834 834 

 As shown in Table 2, the 834 image pairs were subsequently divided using an 80:20 ratio, resulting in 667 

training samples and 167 testing samples under each condition. Examination of the image identities showed an 

overlap value of 0 between the training and testing sets. This result indicated that there was no evidence of data 

leakage during the dataset splitting process. 

 Following preprocessing, ResNet50 was used to extract visual representations from each image. Each image 

produced a feature vector containing 2,048 features, resulting in a matrix of 667 × 2,048 for the training set and 167 

× 2,048 for the testing set. The same dimensions were obtained for both the original and background-removed 

images. Examination of the extracted features also showed that all feature matrices contained 0 NaN values and 0 

Inf values, indicating that all extracted features were valid for use in the classification process. 

Table 3. Feature extraction results using ResNet50 

Condition Data Number of Samples Feature Dimension NaN Inf 

Original Training 667 2,048 0 0 

Original Testing 167 2,048 0 0 

Background Removed Training 667 2,048 0 0 

Background Removed Testing 167 2,048 0 0 
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 The identical sample sizes and feature dimensions under both conditions provide a consistent basis for 

comparison. Because the same paired image identities, data partitions, ResNet50 architecture, and feature 

dimensions were maintained, differences observed at the classification stage can be examined in association with the 

two image representations. However, identical feature dimensionality does not imply identical feature distributions. 

Removing background pixels and altering foreground-background boundaries may change the activation patterns 

produced by convolutional filters, potentially shifting the location of samples within the 2,048-dimensional 

ResNet50 feature space. The present experiment does not directly quantify this representational shift; therefore, this 

mechanism is considered a plausible interpretation that is further examined through class-wise performance and 

error patterns. 

3.2 SVM Hyperparameter Optimization Results 

The features extracted by ResNet50 were subsequently standardized using StandardScaler[17] and classified using 

SVM. Hyperparameter optimization [18] was performed using GridSearchCV with 5-fold stratified cross-validation. 

The kernels compared were linear and RBF, with several combinations of C and gamma values. The macro F1-score 

was used as the model selection criterion because the evaluation involved five classes with sample sizes that were 

not perfectly balanced. 

The optimization results showed that the RBF kernel was the best-performing kernel under both image 

conditions. For the original images, the optimal configuration was obtained using C = 10 and gamma = scale, 

achieving a cross-validation macro F1-score of 0.7340. Meanwhile, the background-removed images achieved their 

best configuration using C = 10 and gamma = auto, with a macro F1-score of 0.7559. 

Table 4. SVM hyperparameter optimization results 

Dataset Best Kernel C Gamma CV Macro F1 

Original RBF 10 scale 0,7340 

Background Removed RBF 10 auto 0,7559 

Table 4 During cross-validation, the background-removed condition achieved a macro F1-score of 0.7559, 

which was 0.0219 higher than the 0.7340 obtained from the original images. This result suggests that, within the 

training folds, reducing background variation may have produced feature distributions that were more favorable to 

the SVM decision boundaries. By suppressing variations outside the fruit region, background removal may reduce 

part of the within-class variability unrelated to the fruit surface. 

However, this cross-validation advantage should not be interpreted as evidence that background removal 

generally produces superior feature representations. Background removal simultaneously changes the pixel 

distribution of the input image, particularly around the foreground-background transition. Because ResNet50 

extracts hierarchical representations from local gradients, textures, shapes, and their spatial combinations, such 

changes may affect the resulting feature vectors differently across samples and classes. Therefore, evaluation on an 

independent paired test set remains necessary to determine whether the cross-validation advantage generalizes to 

unseen images. 

3.3 Model Performance Evaluation on the Test Set 

Testing was conducted using the same 167 images under each condition. The results showed a different pattern from 

that observed during cross-validation. Although the background-removed condition achieved a higher macro F1-

score during cross-validation, the model trained using original images produced numerically higher performance 

across all aggregate evaluation metrics on the test set. 

Table 5. Comparison of ResNet50–SVM performance on the test set 

Metric Original Background Removed Difference (BG − Original) 

Accuracy 0,7605 0,7425 −0,0180 

Macro Precision 0,7784 0,7461 −0,0323 

Macro Recall 0,7624 0,7441 −0,0183 

Macro F1-score 0,7687 0,7445 −0,0243 

Macro ROC-AUC 0,9541 0,9425 −0,0116 

Table 5 shows that the model using original images achieved an accuracy of 76.05%, whereas the 

background-removed condition achieved 74.25%, representing a decrease of approximately 1.80 percentage points. 

A larger difference was observed in macro precision, which reached 77.84% for the original images and 74.61% for 

the background-removed images. The macro F1-score also decreased from 76.87% to 74.45%, while the macro 

ROC-AUC decreased from 95.41% to 94.25%. 

The reversal between cross-validation and test-set performance provides evidence that the effect of 

background removal was not consistently beneficial. Original images achieved a test accuracy of 0.7605 and macro 

F1-score of 0.7687, whereas the background-removed images achieved 0.7425 and 0.7445, respectively. Macro 
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ROC-AUC also decreased from 0.9541 to 0.9425. Thus, the feature representation that appeared more favorable 

during cross-validation did not produce a corresponding generalization advantage on the independent test set. 

One plausible explanation involves a change in the statistical and spatial characteristics of the input after 

background removal. In the original images, fruit boundaries are formed naturally by the contrast between the fruit 

and its surrounding scene. After hard background removal, pixels outside the object are suppressed or replaced, 

producing a substantially different intensity distribution and potentially sharper foreground-background transitions. 

Because convolutional filters respond to local intensity differences, gradients, edges, and texture patterns, this 

transformation may modify activations not only in background regions but also around the contour of the fruit. 

These changes can propagate through successive ResNet50 layers and result in different high-level feature vectors. 

Importantly, this interpretation does not imply that background information itself is necessarily disease-

specific. Rather, it suggests that removing the background changes the complete visual input from which ResNet50 

constructs its representation. Consequently, the resulting feature-space geometry available to the SVM may differ 

between the two conditions. Depending on the visual characteristics of a class, this representational change may 

either increase or decrease class separability. 

These results indicate that background removal did not improve overall generalization performance under the 

ResNet50–SVM configuration used in this study. The findings also demonstrate that successful preprocessing 

performance on training data or during cross-validation does not necessarily translate into improved performance on 

an independent test set. In other words, the increase in cross-validation macro F1-score for the background-removed 

condition was not maintained when the model was evaluated on unseen data. A class-wise analysis provides a more 

detailed view of these changes. 

Table 6. Precision, recall, and F1-score for each class 

Class Prec. Original Recall Original F1 Original Prec. BG Recall BG F1 BG 

Alternaria 0,4857 0,5152 0,5000 0,5152 0,5152 0,5152 

Anthracnose 0,9583 0,9200 0,9388 0,8148 0,8800 0,8462 

Black Mould Rot 0,6410 0,6757 0,6579 0,5385 0,5676 0,5526 

Healthy 0,8837 0,9268 0,9048 1,0000 0,9512 0,9750 

Stem End Rot 0,9231 0,7742 0,8421 0,8621 0,8065 0,8333 

Table 6 demonstrates that the effect of background removal was not uniform across all classes. The class-

wise results demonstrate that background removal did not affect all categories in the same direction. The most 

notable improvement occurred for the Healthy class, whose F1-score increased from 0.9048 to 0.9750, while 

precision increased from 0.8837 to 1.0000. Alternaria also showed a small F1-score increase from 0.5000 to 0.5152. 

In contrast, Anthracnose decreased from 0.9388 to 0.8462, Black Mould Rot decreased from 0.6579 to 0.5526, and 

Stem-End Rot slightly decreased from 0.8421 to 0.8333. 

The improvement observed for Healthy may be associated with greater visual consistency after background 

removal. Healthy fruit images are expected to be distinguished primarily through the appearance of the fruit surface 

rather than the presence of disease lesions. Suppressing heterogeneous background regions may therefore reduce 

visual variability unrelated to the fruit itself and allow the extracted representation to become more concentrated on 

fruit color, shape, and surface characteristics. This interpretation is consistent with the increase in Healthy precision 

to 1.0000 and the improvement in its ROC-AUC from 0.9861 to 0.9957. 

The disease categories present a different problem because their discrimination depends more strongly on 

localized visual patterns. Lesion color, texture, shape, distribution, and contrast relative to surrounding fruit tissue 

may contribute to the feature representation. Background removal does not explicitly preserve or enhance these 

disease-specific characteristics; instead, it modifies the image globally outside the estimated foreground and 

potentially around the fruit contour. Therefore, a cleaner background does not necessarily imply improved 

separation between disease classes whose internal surface patterns remain visually similar. 

This effect is particularly evident for Alternaria and Black Mould Rot. Their F1-scores under the 

background-removed condition were only 0.5152 and 0.5526, respectively. The limited improvement for Alternaria 

and substantial decline for Black Mould Rot indicate that eliminating background information did not resolve the 

visual overlap between these categories. Instead, the transformation may have altered the balance between global 

object-level information and localized disease-related texture information represented by ResNet50. Consequently, 

samples from these visually similar classes may remain close or become less separable within the extracted feature 

space. 

These class-dependent changes support the interpretation of a possible feature representational shift rather 

than a uniform preprocessing benefit. In this context, feature representational shift refers to the possibility that the 

same mango fruit, when presented with different background conditions, produces a different position in the 

ResNet50 feature space because the input pixel distribution, boundary contrast, and contextual information have 

changed. Since the present study did not directly measure distances between paired feature vectors or visualize their 

distributions, this mechanism should be interpreted as a hypothesis consistent with the observed classification 

patterns rather than as direct evidence of a causal feature-space shift. 
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3.4 Confusion Matrix Analysis 

The model's error patterns were further analyzed using the confusion matrix. For the original images, the numbers of 

correctly classified samples for Alternaria, Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot were 17, 23, 

25, 38, and 24 images, respectively. Therefore, 127 out of 167 images were correctly classified. 

For the background-removed condition (Figure 4), the numbers of correctly classified samples for Alternaria, 

Anthracnose, Black Mould Rot, Healthy, and Stem-End Rot were 17, 22, 21, 39, and 25, respectively, resulting in 

124 correctly classified images out of 167 test sample. 

 

Figure 3. Confusion matrix for classification using original images 

 

Figure 4. Confusion matrix for classification using background-removed images 

Figure 4 provides further evidence that the effect of background removal was class-dependent. Under the 

original-image condition, 12 Alternaria samples were misclassified as Black Mould Rot and 12 Black Mould Rot 

samples were misclassified as Alternaria. After background removal, these bidirectional errors increased to 14 

samples in each direction. Therefore, background removal did not improve the distinction between the two most 

frequently confused disease categories; instead, their observed confusion increased. 

This pattern is important because removing the background would be expected to improve classification if 

background complexity were the primary source of confusion. The persistence and increase of Alternaria–Black 

Mould Rot errors suggest that the main classification difficulty is more likely associated with overlapping fruit-

surface characteristics than with background variation alone. Furthermore, if background removal changes boundary 

contrast or the relative contribution of global and local image patterns to ResNet50 activations, the resulting 

representation may not preserve the same class-separation structure as the original images. 

In contrast, the number of correctly classified Healthy samples increased from 38 to 39 out of 41, while 

Stem-End Rot increased from 24 to 25 out of 31. These modest improvements demonstrate that suppressing 
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background variation may benefit some image categories. However, they were insufficient to compensate for the 

additional errors in other disease classes. Taken together, the confusion matrices indicate that the usefulness of 

background removal depends on the discriminative visual information required for each class rather than simply on 

the amount of background present in the image. 

3.5 ROC-AUC Analysis 

The model's discriminative ability for each class was analyzed using ROC-AUC with the One-vs-Rest approach. 

Overall, both image conditions produced high AUC values, although the effect of background removal varied across 

classes. 

Table 7. Comparison of ROC-AUC for each class 

Class Original Background Removed Difference 

Alternaria 0,8912 0,8917 +0,0005 

Anthracnose 0,9989 0,9744 −0,0245 

Black Mould Rot 0,9345 0,8931 −0,0414 

Healthy 0,9861 0,9957 +0,0097 

Stem End Rot 0,9599 0,9578 −0,0021 

 

Figure 5. Multiclass ROC curves for original images 

As shown in Figure 5, Anthracnose achieved the highest AUC value of 0.9989, followed by Healthy at 

0.9861, Stem-End Rot at 0.9599, Black Mould Rot at 0.9345, and Alternaria at 0.8912. These values indicate that 

the model had very high discriminative ability, particularly for Anthracnose and Healthy. 

 

Figure 6. Multiclass ROC curves for background-removed images 

As shown in Figure 6, after background removal, the AUC for Healthy increased to 0.9957, while Alternaria 

showed a very slight increase to 0.8917. In contrast, the AUC for Anthracnose decreased to 0.9744, Black Mould 
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Rot decreased to 0.8931, and Stem-End Rot decreased to 0.9578. The largest decrease occurred in Black Mould Rot, 

with a reduction of 0.0414, which is consistent with the increased misclassification of this class observed in the 

confusion matrix. 

At the aggregate level, the macro ROC-AUC for the original images reached 0.9541, whereas the 

background-removed condition achieved 0.9425. Although both values indicate high discriminative ability, these 

results again demonstrate that background removal did not improve overall performance under the experimental 

configuration used in this study 

The class-wise AUC changes are consistent with the confusion-matrix and F1-score patterns. Healthy showed 

an AUC increase from 0.9861 to 0.9957, whereas Black Mould Rot exhibited the largest decrease, from 0.9345 to 

0.8931. Anthracnose also decreased from 0.9989 to 0.9744. This consistency across different evaluation measures 

suggests that the observed class-dependent effects are not limited to a single classification metric. 

Nevertheless, ROC-AUC describes discriminative performance rather than the internal mechanism 

responsible for the change. Therefore, the AUC differences should not be interpreted as direct evidence that 

particular background pixels or boundary artifacts caused the performance shift. Instead, when considered together 

with the F1-scores and confusion matrices, the results support the broader interpretation that the transformation from 

original to background-removed images altered the information available to the ResNet50–SVM pipeline in a class-

dependent manner 

3.6 Analysis of the Effect of Background Removal and Statistical Testing 

Taken together, the cross-validation, test-set, class-wise, confusion-matrix, and ROC-AUC results show that 

background removal produced a non-uniform effect on mango fruit disease classification. During model selection, 

the background-removed condition achieved a higher cross-validation macro F1-score (0.7559) than the original 

condition (0.7340). However, this advantage was not retained on the independent paired test set, where the original 

images achieved higher accuracy, macro F1-score, and macro ROC-AUC. 

The class-wise results provide additional insight into this reversal. Background removal improved the 

Healthy class but reduced performance for Anthracnose and Black Mould Rot, with only a minor change for 

Alternaria and Stem-End Rot. This pattern suggests that background removal should not be viewed merely as noise 

reduction. The operation changes the pixel distribution of the input image and may modify foreground-background 

transitions, local gradients, and contextual relationships. Because ResNet50 transforms these visual patterns 

hierarchically into a 2,048-dimensional representation, changes introduced at the input level may propagate to the 

feature representation subsequently used by the SVM. 

From this perspective, the improved Healthy performance may reflect a situation in which suppressing 

background variability makes the fruit representation more visually consistent. Conversely, disease categories 

requiring discrimination based on subtle lesion texture and color patterns may not benefit from such simplification. 

The increased bidirectional confusion between Alternaria and Black Mould Rot after background removal further 

suggests that their classification difficulty originates primarily from overlapping disease-related visual 

characteristics rather than background complexity alone. 

However, these mechanisms should be interpreted cautiously. The present study did not directly quantify 

changes in boundary pixels, convolutional activation maps, or distances between paired 2,048-dimensional feature 

vectors. Therefore, the observed class-dependent performance differences are consistent with a possible shift in 

feature representation, but they do not establish a causal relationship between specific background pixels, 

segmentation artifacts, and classification errors. Future feature-space analysis using paired feature distances, 

dimensionality-reduction visualization, or activation-based interpretation could test this hypothesis directly. 

To determine whether the observed differences in paired classification outcomes were statistically 

significant, the Exact McNemar Test was applied to the 167 corresponding test samples. There were 28 cases in 

which the original-image model was correct and the background-removed model was incorrect, compared with 25 

cases showing the opposite outcome, resulting in 53 discordant pairs. The Exact McNemar Test yielded a p-value of 

0.783846, which exceeded the significance threshold of α = 0.05. Therefore, the null hypothesis was not rejected. 

The statistical result is particularly important for interpreting the numerical advantage of the original images. 

Although original images achieved 1.80 percentage points higher accuracy and 2.43 percentage points higher macro 

F1-score, these differences should not be interpreted as evidence that original images are statistically superior. 

Instead, the results indicate that background removal failed to provide a consistent and statistically significant 

improvement under the ResNet50–SVM configuration evaluated in this study. The practical implication is therefore 

not that background information should always be retained, but that background removal should be validated 

empirically for the target dataset and disease classes rather than adopted automatically as a universal preprocessing 

step 

Table 8. Exact McNemar Test results 

Parameter Result 

Original correct, BG incorrect 28 

Original incorrect, BG correct 25 
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Parameter Result 

Discordant pairs 53 

p-value 0,783846 

α 0,05 

Decision Not significant 

The Exact McNemar Test produced a p-value of 0.783846, which was greater than the significance level of 

0.05. Therefore, the null hypothesis was not rejected. This result indicates that there was no statistically significant 

difference in classification performance between the original and background-removed image conditions. 

This finding is important when interpreting the numerical differences of 1.80 percentage points in accuracy 

and 2.43 percentage points in macro F1-score in favor of the original images. These numerical differences are 

insufficient to conclude that the original-image condition is statistically superior. Instead, the results indicate that, 

for the dataset and ResNet50–SVM configuration used in this study, background removal did not provide a 

consistent or statistically significant improvement in classification performance. 

Overall, the findings suggest that background removal should not be regarded as a preprocessing step that 

will always improve mango fruit disease classification. Its effect depends on the class being analyzed. The Healthy 

class benefited relatively clearly from background removal, whereas several disease classes experienced decreased 

performance. Therefore, the selection of preprocessing techniques should consider whether the process preserves 

visual characteristics that are relevant for distinguishing each disease class, rather than merely reducing background 

complexity. 

3.7 Discussion 

Previous studies have demonstrated the effectiveness of deep learning, transfer learning, segmentation, and 

machine-learning classifiers for mango disease recognition. Yehulu et al. [1] investigated five mango fruit 

conditions in the MangoFruitDDS dataset using MobileNetV3-Large combined with several machine-learning 

classifiers. Their best-performing configuration, MobileNetV3-Large combined with XGBoost, achieved an 

accuracy of 98.95%. Background removal was incorporated as part of their preprocessing pipeline; however, the 

study did not perform a controlled paired comparison between original and background-removed representations of 

the same images. Consequently, although the study demonstrated the effectiveness of the overall preprocessing and 

classification pipeline, the independent contribution of background removal could not be determined. 

Mookkandi et al. [3] investigated plant disease classification, including mango diseases, using Local Gabor 

XOR Pattern (LGXP) features combined with SVM. Their findings demonstrated that SVM can provide strong 

classification performance when supported by discriminative visual features. This finding supports the use of SVM 

for plant disease recognition, although the feature extraction strategy differs from that employed in the present 

study. Rather than relying on handcrafted LGXP descriptors, the present framework uses 2,048-dimensional deep 

feature representations extracted using ImageNet-pretrained ResNet50 and subsequently classified using an 

optimized SVM. 

Segmentation-based approaches have also demonstrated strong performance in mango disease recognition. 

Bezabh et al. [19] employed K-Means and Mask R-CNN-based segmentation together with an ensemble of 

GoogLeNet and VGG16, achieving an accuracy of 99.21%. Their results demonstrate that segmentation can 

contribute to a high-performing disease classification pipeline. However, segmentation was incorporated as part of 

the overall framework rather than evaluated as an independent experimental factor. In contrast, the present study 

specifically investigates the effect of background removal while maintaining matched image identities, identical 

train-test partitions, the same ResNet50 feature extraction procedure, and the same SVM-based classification 

framework across the two image conditions. 

Transfer-learning studies further demonstrate the effectiveness of pretrained feature representations for 

mango disease recognition. Prabhu et al. [2]evaluated ResNet50 and several other transfer-learning architectures and 

showed that pretrained deep models can effectively capture discriminative characteristics of mango diseases. 

Similarly, Hossain et al. [20] investigated CNN and Vision Transformer architectures using MangoLeafBD and 

reported an accuracy of 99.75% with an optimized DeiT model. These studies primarily focused on improving 

classification performance through model selection and optimization. In contrast, the objective of the present study 

is not to identify the highest-performing deep learning architecture, but to determine whether background removal 

itself provides a measurable advantage when the feature extraction and classification procedures are controlled. 

In the present study, 834 paired MangoFruitDDS images were evaluated under original and background-

removed conditions using ImageNet-pretrained ResNet50 as a frozen feature extractor and an optimized RBF-SVM 

classifier. The original-image condition achieved an accuracy of 76.05%, whereas the background-removed 

condition achieved 74.25%. However, these numerical differences should not be interpreted as evidence that the 

original-image condition is statistically superior. The Exact McNemar Test yielded a p-value of 0.783846, which 

was greater than the significance level of α = 0.05, indicating that the difference between the paired classification 

outcomes was not statistically significant. 

More importantly, the class-wise analysis demonstrated that the effect of background removal was not 

uniform. The Healthy class benefited from background removal, whereas performance decreased for several disease 
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classes, particularly Anthracnose and Black Mould Rot. The increased bidirectional confusion between Alternaria 

and Black Mould Rot after background removal further suggests that eliminating background information does not 

necessarily resolve similarities in disease-related surface characteristics. These results complement previous 

segmentation-based studies by demonstrating that a preprocessing operation that is beneficial as part of a complete 

classification pipeline may not necessarily provide an independent advantage when evaluated under a controlled 

paired design. 

Therefore, the contribution of this study should not be interpreted primarily in terms of achieving higher 

classification accuracy than previous mango disease studies, because direct comparison of accuracy values across 

different datasets, disease targets, preprocessing procedures, and model architectures would be inappropriate. 

Instead, the contribution lies in demonstrating through a controlled paired comparison, class-wise analysis, and 

statistical validation that hard background removal cannot be assumed to provide a universal classification 

advantage. The findings suggest that preprocessing effectiveness depends not only on removing visually irrelevant 

information but also on preserving contextual, boundary, and texture-related patterns that may contribute to deep 

feature representations. Accordingly, background removal should be empirically evaluated according to the 

characteristics of the target dataset and disease classes rather than automatically adopted as a standard preprocessing 

step. 

4. CONCLUSION 

This study evaluated the effect of background removal on five-class mango fruit disease classification using a hybrid 

ResNet50–SVM framework through a controlled paired experimental design. A total of 834 matched image pairs 

from MangoFruitDDS were divided using an identical stratified 80:20 split, resulting in 667 training and 167 test 

samples for each image condition. Although the background-removed condition achieved a higher cross-validation 

macro F1-score of 0.7559 compared with 0.7340 for the original images, this advantage was not maintained on the 

independent paired test set. Original images achieved an accuracy of 76.05%, macro F1-score of 0.7687, and macro 

ROC-AUC of 0.9541, whereas background-removed images achieved 74.25%, 0.7445, and 0.9425, respectively. 

The effect of background removal was class-dependent: the Healthy class improved, while performance declined for 

several disease classes, particularly Anthracnose and Black Mould Rot. The increased confusion between Alternaria 

and Black Mould Rot after background removal further indicates that eliminating background information does not 

necessarily improve the separability of visually similar disease categories. These findings are consistent with the 

possibility that hard background removal changes contextual information, foreground-background transitions, and 

texture- or edge-related visual patterns contributing to ResNet50 feature representations; however, such 

representational changes were not directly quantified in this study and should therefore not be interpreted as a 

demonstrated causal mechanism. The Exact McNemar Test produced a p-value of 0.783846, indicating that the 

numerical performance differences between the two image conditions were not statistically significant at α = 0.05. 

Consequently, background removal should not be assumed to universally improve plant disease classification and 

should instead be validated according to the target dataset, disease class, and feature extraction architecture. Future 

research should investigate attention-based mechanisms, including spatial and channel attention, as alternatives to 

hard background segmentation. Rather than completely discarding contextual information, attention mechanisms 

may enable the model to emphasize disease-relevant fruit regions while retaining potentially useful contextual and 

boundary information. Further studies should also compare original images, hard-segmented images, and attention-

guided representations while incorporating feature-space analysis, boundary-artifact assessment, explainable AI 

techniques, and fine-tuning to better determine how preprocessing strategies influence disease-specific visual 

representations and classification performance. 
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