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 10 

Abstract  11 

Deep learning classifiers can achieve high predictive performance in medicinal plant seed 12 

image classification, but prediction accuracy alone does not clarify which visual properties are 13 

linked to model responses. This issue is particularly relevant for visually similar medicinal 14 

plant seeds, related taxa, and potential substitutes that may share overlapping morphology. 15 

Here, we analyzed RGB images from five medicinal plant seed classes by comparing CNN 16 

attribution maps with predefined image-derived descriptor maps within the seed foreground. 17 

ResNet50, EfficientNet-B0, and ConvNeXt-Small showed near-ceiling classification 18 

performance under controlled imaging and preprocessing conditions, and zero-baseline 19 

absolute Integrated Gradients (IG) maps from ConvNeXt-Small were used as the primary 20 

attribution reference. Among the tested descriptor maps, LAB L, Brightness, and fast Fourier 21 

transform (FFT) low-pass showed the highest positive foreground-restricted spatial 22 

associations with IG attribution maps. Descriptor summary feature classification further 23 

showed that foreground-level descriptor statistics contained class-discriminative visual 24 

information. The analysis organizes CNN attribution patterns within reproducible image-25 

derived visual contexts in medicinal plant seed image classification. 26 

Keywords: Medicinal plant seeds; Seed image classification; CNN attribution; Integrated 27 

Gradients; Descriptor contextualization; Foreground restriction 28 



1. Introduction 29 

Image-based analysis provides a non-destructive and reproducible way to record visible 30 

variation in plant materials [1–3]. Plant organs and materials such as whole plants, leaves, fruits, 31 

and seeds can be imaged repeatedly under standardized conditions, providing a scale and 32 

consistency that are difficult to achieve by manual observation alone. In particular, RGB 33 

images are widely used in plant image analysis and image-based classification because they 34 

are relatively easy to acquire and contain information on color, brightness, size, shape, surface 35 

texture, and spatial arrangement. These image-based measurements are linked to various 36 

research purposes, including species or cultivar discrimination, quality assessment, sample 37 

screening, and comparison of morphological variation [1,2]. As image-based models become 38 

more widely used, plant image classification increasingly requires performance evaluation 39 

alongside analysis of the visual context in which model responses occur. 40 

Seed image analysis follows the same general direction [4–10]. Seeds are plant materials 41 

directly involved in propagation, genetic resource conservation, quality assessment, and 42 

species identification. Image-based analysis enables repeated extraction of seed characteristics 43 

such as size, shape, color, texture, and contour. Previous seed image analysis studies have used 44 

size- and shape-related traits, including area, length, aspect ratio, and circularity, as well as 45 

visual traits such as surface color, brightness, texture, and contour for species discrimination 46 

or quality assessment [4–8]. Under imaging conditions in which a single seed is separated from 47 

the background, color distribution, brightness variation, local texture, edge structure, and 48 

contour within the seed foreground become the main visual units for downstream analysis. 49 

Medicinal plant seeds are a relevant domain for this type of analysis because source 50 

identification and quality control are important in medicinal plant materials [11–13]. Closely 51 

related species and potential substitutes may be considered together in practical contexts, and 52 



visually similar seed samples may differ only in subtle combinations of visible traits. In such 53 

cases, class differences are difficult to summarize using a single visual property. Instead, 54 

several image properties, such as seed coat color, brightness, local texture, contour, size, and 55 

shape, may appear as overlapping spatial patterns. Medicinal seed image classification 56 

therefore requires analysis of class label prediction together with the foreground spatial patterns 57 

associated with model responses. 58 

Deep learning-based image classification has been increasingly applied to seed image analysis 59 

[10,14]. Convolutional neural networks (CNNs) can learn local image patterns together with 60 

spatial structure, making them suitable for seed image datasets in which multiple visual 61 

properties occur simultaneously. CNN-based models have shown high classification 62 

performance across plant image classification tasks and can serve as practical classifiers when 63 

the foreground object is clearly defined [14–17]. Accuracy-based evaluation mainly 64 

summarizes whether a model separates classes, while the visual patterns within the seed 65 

foreground that are associated with prediction-related responses require additional analysis. 66 

This makes attribution-based analysis useful for examining the spatial distribution of CNN 67 

responses in seed images. 68 

Attribution methods have been used to examine prediction-related spatial responses in CNN 69 

classifiers [18–21]. These methods estimate how locations or regions in an input image are 70 

related to a specific model output and present the result as an attribution map. Integrated 71 

Gradients (IG), for example, calculates pixel- or region-level attribution by accumulating 72 

gradients of the prediction score along a path from a baseline input to the actual input [18]. 73 

Attribution maps are useful for examining prediction-related spatial responses [18–21]. 74 

However, heatmaps alone do not specify the image properties represented by high-response 75 

regions. Even within the same foreground region, attribution responses may overlap with color 76 



differences, brightness variation, local texture, edge responses, contour-related structures, or 77 

local image patterns in which these properties appear together. 78 

To address this interpretive gap, this study compares attribution maps with predefined image-79 

derived descriptor maps to place attribution responses within an image-derived visual context. 80 

The descriptor maps in this study are image-derived reference maps calculated from the 81 

original RGB image and the seed foreground mask. They represent low-level visual properties 82 

within the seed foreground using consistent criteria. The descriptors are organized into color 83 

and intensity, spatial frequency, texture, and edge- and shape-related categories, allowing 84 

foreground image responses to be compared from multiple visual perspectives [22–27]. This 85 

configuration provides a basis for examining which predefined descriptor responses are 86 

spatially co-distributed with IG attribution responses within the seed object. The main 87 

analytical unit of this study is therefore the foreground-restricted spatial association between 88 

IG attribution patterns and predefined descriptor responses. 89 

Foreground-restricted spatial association quantifies the degree to which attribution maps and 90 

descriptor responses are co-distributed within the seed object. Separately, descriptor-derived 91 

foreground information can be summarized and evaluated for class-level separability. For this 92 

purpose, this study extracts foreground-level summary statistics from descriptor maps and uses 93 

them as inputs to a tabular classifier in descriptor summary feature classification. Spatial 94 

association analysis addresses attribution-descriptor co-distribution within the seed foreground, 95 

whereas descriptor summary feature classification evaluates whether descriptor-derived 96 

summary information contains class-discriminative visual information. These two analyses 97 

provide complementary axes for contextualizing attribution patterns: spatial co-distribution 98 

and descriptor-level class separability. 99 

This study presents a foreground-restricted analytical workflow for contextualizing CNN 100 



attribution maps in RGB image classification of five medicinal plant seed species. Seed objects 101 

and foreground masks were aligned through foreground-centered preprocessing, and zero-102 

baseline absolute IG maps generated from ConvNeXt-Small were compared with predefined 103 

image-derived descriptor maps. Descriptor summary feature classification was also performed 104 

to evaluate whether descriptor-derived foreground-level information contained class-105 

discriminative visual information. The proposed workflow provides a methodological basis for 106 

organizing CNN attribution patterns in medicinal seed image classification using two analytical 107 

axes: foreground-restricted spatial association and descriptor summary feature classification. 108 

 109 



 110 

Fig. 1 Foreground-restricted attribution contextualization workflow for medicinal plant seed 111 

image classification. (a) Seed images were preprocessed to generate foreground masks and foreground-112 

centered model inputs. (b) The preprocessed seed images were classified using a CNN classifier, and 113 

zero-baseline absolute Integrated Gradients (IG) maps were generated from the primary classifier. (c) 114 

Predefined image-derived descriptor maps were generated from the same seed images to represent 115 

broad visual properties, including color/intensity, spatial frequency, texture, and edge/shape-related 116 

responses. (d) The IG attribution maps and descriptor maps were compared within the seed foreground 117 

using Spearman spatial association, and foreground-restricted descriptor summary features were used 118 

for descriptor summary classification. The workflow contextualizes attribution patterns within 119 

predefined seed visual descriptor responses. 120 

 121 

2. Materials and methods 122 

2.1 Plant materials, image dataset, and preprocessing 123 

Medicinal plant seed samples were obtained from the National Institute for Korean Medicine 124 



Development (NIKOM, Republic of Korea). The sample identities were verified through 125 

organoleptic inspection by nine qualified experts commissioned by the Ministry of Food and 126 

Drug Safety (MFDS, Republic of Korea). RGB images were acquired in a PULUZ photo light 127 

chamber equipped with manufacturer-specified 25-lumen LED illumination and a white 128 

background. Images were captured using an iPhone 8 (Apple Inc., Cupertino, CA, USA) and a 129 

Samsung Galaxy Note 10 (Samsung Electronics, Suwon, Republic of Korea) at a resolution of 130 

4032 × 3024 pixels. In this study, an RGB image dataset was constructed for five medicinal 131 

plant seed classes. The target classes consisted of Armeniaca vulgaris (ARSE), Armeniaca 132 

sibirica (ARSS), Prunus japonica (PJNA), Prunus davidiana (PRDA), and Prunus persica 133 

(PRPE). The full dataset included 1,124 RGB images, with 205 images for ARSE, 223 for 134 

ARSS, 228 for PJNA, 228 for PRDA, and 240 for PRPE. The class composition and train-test 135 

split are presented in Table 1. 136 

Table 1. Dataset composition and train and test split 137 

 138 

All RGB images were processed using the same preprocessing pipeline. The preprocessing 139 

procedure was designed to standardize CNN input images and to generate foreground-centered 140 

seed images and binary foreground masks for subsequent pixel-wise attribution and descriptor 141 

analyses. The overall preprocessing workflow is summarized in Fig. 2. 142 

Class code Species Total images Train images Test images 

ARSE Armeniaca vulgaris 205 164 41 

ARSS Armeniaca sibirica 223 179 44 

PJNA Prunus japonica 228 182 46 

PRDA Prunus davidiana 228 182 46 

PRPE Prunus persica 240 192 48 

Total - 1,124 899 225 



 143 

Fig. 2 Image preprocessing workflow for medicinal plant seed classification and foreground mask 144 

generation. (a) Raw RGB image. (b) Background removal and RGBA extraction. (c) Binary 145 

foreground mask generation. (d) Contour-based orientation normalization. (e) Placement on a 146 

centered 512 × 512 RGBA canvas. (f) Resizing to the 224 × 224 RGB model input. 147 

First, background removal was performed using the U²-Net-based background removal 148 

function implemented in the rembg library to separate the seed object from the background 149 

[28]. This step was conducted to reduce background signals and define the seed foreground as 150 

the spatial domain for downstream analysis. Alpha matting was not applied to avoid excessive 151 

smoothing of the seed boundary and surface texture. The background removal output was saved 152 



as an RGBA image, and a binary foreground mask was generated from the alpha channel. 153 

Contours were detected from the generated foreground mask, and the largest contour was 154 

defined as the single seed object. For orientation normalization, ellipse fitting was applied to 155 

the foreground contour to estimate object orientation, and both the RGB image and the 156 

foreground mask were rotated according to the estimated angle. After rotation, the seed object 157 

was cropped based on the bounding box of the largest contour, and the cropped object was 158 

aligned so that its major axis followed the horizontal direction. The same geometric 159 

transformations were applied to the RGB image and the foreground mask to preserve spatial 160 

correspondence between the image and mask. 161 

The aligned seed object was placed at the center of a 512 × 512 pixel RGBA canvas. The 162 

padding inside the canvas was set to 30 pixels, and the maximum size of the seed object was 163 

limited to 452 pixels. Object resizing was performed using Lanczos interpolation while 164 

preserving the original aspect ratio. The final RGBA image was converted into an RGB image 165 

with a black background through alpha compositing and saved in PNG format to avoid texture 166 

artifacts caused by JPEG compression. The final binary foreground mask was saved from the 167 

alpha channel of the same RGBA image. 168 

The preprocessing results were inspected through manual quality control. Background 169 

removal errors, cropping errors, seed boundary loss, residual background pixels, and 170 

orientation errors were visually checked. When necessary, horizontal flipping, vertical flipping, 171 

or rotation by a specified angle was applied. Manual correction was performed for 24 images 172 

in total, including 15 horizontal flips, 4 vertical flips, and 5 rotation corrections. No editing 173 

was applied to modify seed surface color, texture, or outer contour, and manual correction was 174 

limited to image alignment and mask quality adjustment. 175 

At the model input stage, the preprocessed 512 × 512 pixel RGB images were resized to 224 176 



× 224 pixels. Normalization was performed using the ImageNet mean and standard deviation 177 

to match the ImageNet-pretrained CNN backbones [29]. The final foreground mask was 178 

transformed to match the coordinate space of the model input and descriptor maps and was 179 

used as the spatial boundary defining the seed foreground in subsequent pixel-wise attribution 180 

analysis and descriptor map comparison. Accordingly, downstream analyses compared 181 

attribution responses and descriptor responses within the seed object while excluding 182 

background pixels. 183 

 184 

2.2 Dataset partitioning and CNN classifier training 185 

The preprocessed dataset was divided into a training set and an independent test set at an 8:2 186 

ratio using stratified sampling to preserve the class distribution. Among the 1,124 images, 899 187 

images were assigned to the training set and 225 images to the test set. The random seed was 188 

fixed at 42. The test set was not used for model training, early stopping, checkpoint selection, 189 

or hyperparameter tuning. It was used only for final model evaluation and as the image set for 190 

subsequent attribution analysis. 191 

To evaluate the model training settings and performance stability, stratified 5-fold cross-192 

validation was performed within the training set. In each fold, validation loss was calculated 193 

using the corresponding validation split, and the model checkpoint from the epoch with the 194 

lowest validation loss was saved. Early stopping was applied when validation loss did not 195 

improve for 15 consecutive epochs. After cross-validation, 10% of the training set was 196 

separated as a stratified validation subset during final model training, and this subset was used 197 

only for early stopping and checkpoint selection. 198 

ConvNeXt-Small, ResNet50, and EfficientNet-B0 were compared as CNN backbones for 199 



medicinal seed image classification [30–32]. All three models used ImageNet-pretrained 200 

weights, and the final classification head was replaced with a 5-class output layer 201 

corresponding to the five seed classes [29]. Training images were processed using resizing, 202 

random horizontal flipping, random rotation, color jitter, and ImageNet normalization. 203 

Validation and test images were processed using only resizing and ImageNet normalization. 204 

Random erasing and random vertical flipping were not used. 205 

Model optimization was performed using the AdamW optimizer with learning rate warm-up 206 

and a cosine annealing schedule [33]. The loss function was cross-entropy loss with label 207 

smoothing. After backbone comparison, subsequent attribution and descriptor analyses were 208 

performed using the final ConvNeXt-Small checkpoint. 209 

Training was conducted with a batch size of 32 for up to 100 epochs. The initial learning rate 210 

was set to 4 × 10⁻⁴, the minimum learning rate to 1 × 10⁻⁶, and the weight decay to 0.01. Warm-211 

up was applied for 5 epochs, and the label smoothing value was set to 0.1. 212 

 213 

2.3 Attribution map generation 214 

Attribution maps were generated to examine the prediction-related spatial response of the 215 

trained CNN classifier within the seed image coordinate space. In this study, Integrated 216 

Gradients (IG) was calculated using the ConvNeXt-Small primary classifier, and the zero-217 

baseline absolute IG map was used as the main attribution map [18]. Positive IG, Gaussian-218 

blurred baseline IG, and Grad-CAM were used as supplementary comparisons to examine 219 

differences in spatial responses according to attribution settings and methods [18–21]. 220 

Integrated Gradients was applied to generate input-level attribution maps for the prediction 221 

output of the ConvNeXt-Small primary classifier. For an input image 𝑥, a baseline image 𝑥′, 222 



and the predicted class logit ܨ௖, Integrated Gradients was defined as follows: 223 

 224 

௜(௫)ܩܫ =  (𝑥௜ − 𝑥௜′) ∫ ′௖(𝑥ܨ߲ + − 𝑥)ߙ   𝑥′))߲𝑥௜ 1ߙ݀
0 (1) 225 

 226 

where ݅ denotes a pixel-channel location. In this study, 𝑥 and 𝑥’ were defined in the raw RGB 227 

input space. The input image was represented as an RGB tensor in the range [0, 1], and the zero 228 

baseline was set as a black RGB image in which all pixel values were 0. The Gaussian-blurred 229 

baseline was generated by applying Gaussian blur to the corresponding input image, with the 230 

Gaussian blur sigma set to 20. Each interpolated image was normalized using the ImageNet 231 

mean and standard deviation during model forward propagation and then passed to the 232 

ConvNeXt-Small classifier. The integral in Eq. 1 was approximated using 100 interpolation 233 

steps. 234 

Signed attribution values for each RGB channel were saved for each sample. The absolute 235 

attribution map was calculated by summing the attribution magnitude across RGB channels, 236 

and the positive attribution map was generated by summing the RGB channel attributions and 237 

then applying ReLU. In the main analysis, the absolute attribution map obtained from the zero 238 

baseline was used as the main IG map. This map served as the reference map for comparing 239 

the overall spatial magnitude of prediction-related attribution responses with predefined 240 

descriptor maps. The positive attribution map and Gaussian-blurred baseline map were used in 241 

supplementary analyses. No smoothing, percentile clipping, or colormap transformation was 242 

applied to IG maps used for quantitative analysis. Visualization overlay maps were generated 243 

after removing attribution values outside the foreground mask and were displayed on the 244 

original RGB image. 245 



Grad-CAM was calculated for the final checkpoints of ConvNeXt-Small, ResNet50, and 246 

EfficientNet-B0 as a complementary layer-level attribution visualization [19]. The predicted 247 

class logit of each model was used as the target score, and the target layer was set to a layer 248 

with spatial activations before the classifier head. The target layers were stages.2.blocks.26 for 249 

ConvNeXt-Small, layer4.2 for ResNet50, and blocks.4 for EfficientNet-B0. Forward 250 

activations and backward gradients were stored at each target layer, and the spatial mean of the 251 

channel-wise gradients was used as the weight to calculate the Grad-CAM map. The calculated 252 

CAM was processed with ReLU and then upsampled to 224 × 224 pixels using bilinear 253 

interpolation. 254 

The selected-layer Grad-CAM of ConvNeXt-Small was used together with IG for 255 

representative attribution visualization and was also included in supplementary spatial 256 

association analysis with predefined descriptor maps. Grad-CAM maps from ResNet50 and 257 

EfficientNet-B0 were generated as complementary backbone-level visualizations and were not 258 

included in the main descriptor association analysis. Therefore, the main descriptor 259 

contextualization in this study was performed using the ConvNeXt-Small zero-baseline 260 

absolute IG map. 261 

 262 

2.4 Predefined image-derived visual descriptor maps 263 

To compare the spatial pattern of IG attribution maps within an image-derived visual context, 264 

predefined visual descriptor maps were generated for each seed image. In this study, descriptor 265 

maps were used as image-derived reference maps that represent low-level visual properties 266 

within the seed foreground using consistent computational criteria. This allowed the attribution 267 

response to be compared with predefined descriptor responses that were spatially distributed 268 

within the seed foreground. 269 



The descriptor maps were organized into four categories: color and intensity, spatial frequency, 270 

texture, and edge and shape. These categories were used to cover broad visual properties that 271 

can be observed within medicinal plant seed foregrounds. Each descriptor map was calculated 272 

from the preprocessed RGB image, grayscale image, or foreground mask. All descriptor maps 273 

were generated or transformed in the same 224 × 224 pixel coordinate system as the attribution 274 

maps, allowing direct comparison with the attribution maps in subsequent pixel-wise spatial 275 

association analysis. 276 

Color and intensity descriptors included Brightness, LAB L, LAB Chroma, and HSV 277 

Saturation. Brightness was calculated from RGB intensity values, and LAB L was extracted 278 

from the lightness channel of the LAB color space. LAB Chroma was calculated as the 279 

chromatic magnitude using the LAB a and b channels, and HSV Saturation was generated from 280 

the saturation channel of the HSV color space. These maps were used as reference maps 281 

representing intensity-, lightness-, chroma-, and saturation-related image variation within the 282 

seed foreground. 283 

Spatial frequency descriptors were calculated from grayscale intensity images and included 284 

FFT low-pass, FFT high-pass, and wavelet detail maps [22,23]. The FFT low-pass map was 285 

generated to represent coarse-scale intensity variation, whereas the FFT high-pass map was 286 

generated to represent fine-scale spatial variation. Wavelet detail maps were used to represent 287 

scale- and direction-specific image responses. These descriptors were used as reference maps 288 

for comparing image variation occurring at different spatial scales. 289 

Texture descriptors included Gabor response maps and local binary pattern maps [24,25]. 290 

Gabor response maps were calculated using predefined frequency and orientation combinations, 291 

and each combination was saved as a separate descriptor map. Local binary patterns were 292 

calculated to summarize local intensity relationships among neighboring pixels. These maps 293 



were used to represent local and oriented texture-like image patterns within the seed foreground. 294 

Edge and shape descriptors included Sobel edge response, Laplacian-based local variation, 295 

distance transform, and Fourier descriptor maps [26,27]. Sobel edge response was calculated 296 

from the gradient magnitude of the grayscale image, and Laplacian-based local variation was 297 

generated from the Laplacian response. The distance transform was calculated to represent the 298 

distance of each pixel inside the foreground mask from the seed boundary. Fourier descriptor 299 

maps were generated from the foreground contour to provide a contour-derived shape 300 

representation. 301 

All descriptor maps were converted to the range [0, 1] using map-wise min–max 302 

normalization. This step was applied to adjust differences in response scale among descriptor 303 

types and to compare spatial patterns within the foreground. In the subsequent spatial 304 

association analysis, only pixels inside the foreground mask were used, and descriptor-305 

attribution comparisons were performed within the seed object while excluding background 306 

pixels. The category, represented visual property, and description of each descriptor map are 307 

summarized in Table 2. The full descriptor inventory is provided in Supplementary Table S1. 308 

Table 2. Predefined image-derived visual descriptor maps used in this study. 309 

Category Descriptor map 
Visual property 
represented 

Description 

Color and intensity Brightness Overall image intensity 

Distribution of RGB intensity 

values within the seed 

foreground 

Color and intensity LAB L Perceptual lightness 

Lightness-channel variation 

separated from chromatic 

components 

Color and intensity LAB Chroma Chromatic magnitude 

Spatial distribution of 

chromatic magnitude 

calculated from LAB a and b 

channels 

Color and intensity HSV Saturation Color saturation Distribution of saturation 



values in HSV color space 

Spatial frequency FFT low-pass 
Low spatial-frequency 

response 

Coarse-scale intensity 

variation in the grayscale 

image 

Spatial frequency FFT high-pass 

High spatial-frequency 

response 

Fine-scale intensity variation 

and local spatial changes 

Spatial frequency Wavelet detail maps 

Scale- and direction-

specific spatial response 

Multi-scale directional detail 

responses in the grayscale 

image 

Texture Gabor response 

Orientation- and 

frequency-selective 

response 

Local oriented image 

responses computed at 

predefined frequencies and 

orientations 

Texture Local binary pattern 

Local intensity 

relationship 

Local binary relationships 

among neighboring pixel 

intensities 

Edge and shape Sobel edge response First-order edge response 

Local gradient magnitude in 

the grayscale image 

Edge and shape 

Laplacian-based local 

variation 

Second-order intensity 

response 

Local second-order intensity 

variation in the grayscale 

image 

Edge and shape Distance transform 

Mask-derived interior 

distance 

Distance of each foreground 

pixel from the seed boundary 

Edge and shape Fourier descriptor 
Contour-derived shape 

representation 

Frequency-domain 

representation derived from 

the foreground contour 

 310 

2.5 Attribution–descriptor spatial association analysis 311 

Spearman rank correlation was calculated to quantify the spatial association between 312 

attribution maps and predefined descriptor maps [34]. This analysis was performed to evaluate 313 

the degree to which CNN attribution responses and descriptor responses were co-distributed 314 

within the seed foreground. The main analysis was conducted using the zero-baseline absolute 315 

IG map generated from ConvNeXt-Small, which was used as the main attribution map 316 

representing the overall spatial magnitude of prediction-related responses. For supplementary 317 



comparisons, the zero-baseline positive IG map and the selected-layer Grad-CAM map from 318 

ConvNeXt-Small were used. All attribution maps and descriptor maps were compared after 319 

alignment to the same 224 × 224 pixel coordinate system. 320 

Spatial association analysis was performed using only pixels inside the foreground mask. For 321 

each test image, the attribution values within the foreground mask were denoted as (aF), and 322 

the descriptor responses extracted from the same foreground pixel locations were denoted as 323 

(dF), where (F) represents the set of pixels inside the foreground mask. The foreground-324 

restricted rank-based spatial association between an attribution map and a descriptor map was 325 

calculated as the Spearman correlation coefficient, as shown in Eq. 2. 326 

 327 

ߩ = ,(ிܽ)݇݊ܽݎ)ݎݎ݋ܿ ((ி݀)݇݊ܽݎ (2)  328 

 329 

This procedure was performed independently for each image and each descriptor map. 330 

Background pixels were excluded from the correlation calculation, and the rank-based spatial 331 

correspondence between the two maps within the foreground was summarized as an image-332 

level correlation coefficient. 333 

Image-level correlation coefficients were used as the basic analytical units and were then 334 

summarized as classwise and descriptor-level results. For the classwise summary, image-level 335 

correlation coefficients from test images belonging to the same class were collected, and the 336 

class-level mean and standard deviation were calculated. For the descriptor-level summary, 337 

image-level correlation coefficients obtained from all test images were summarized for each 338 

descriptor to compare foreground-restricted spatial associations across the tested descriptor 339 

maps. 340 



Class-average map analysis was also performed to examine class-level spatial patterns. For 341 

each seed class, attribution maps from test images belonging to the same class were averaged 342 

to generate a class-average attribution map. Descriptor maps were averaged in the same manner 343 

to generate class-average descriptor maps. The Spearman correlation coefficient between the 344 

class-average attribution map and each class-average descriptor map was then calculated within 345 

the foreground region. This analysis was used as a supplementary analysis to summarize class-346 

level spatial patterns. 347 

Statistical significance was assessed using image-level correlation coefficients for each 348 

descriptor. A one-sample t-test was applied to evaluate whether the distribution of image-level 349 

correlation coefficients for each descriptor differed from zero. Benjamini–Hochberg false 350 

discovery rate correction was applied to control false positives arising from multiple 351 

comparisons, and the significance level was set at 0.05 [35]. The main text focuses on major 352 

descriptors, while image-level statistics for the full descriptor set are provided in 353 

Supplementary Table S2. Supplementary attribution comparisons based on positive IG and 354 

ConvNeXt-Small Grad-CAM are provided in Supplementary Tables S3 and S4, respectively. 355 

 356 

2.6 Descriptor summary feature classification 357 

Descriptor summary feature classification was performed as a supplementary analysis to 358 

evaluate foreground-restricted summary features extracted from predefined descriptor maps as 359 

inputs to tabular classifiers. This analysis used the same train/test split as the CNN 360 

classification experiment, and the independent test set was used only for final performance 361 

evaluation. 362 

A total of 29 valid individual descriptor maps were used in this analysis. A valid descriptor 363 



map was defined as a map for which both the descriptor NPY file and the foreground mask 364 

were available for all 1,124 samples, with no NaN or Inf values in foreground pixel values and 365 

no empty foreground cases. No descriptor maps were excluded, and all valid descriptor maps 366 

were available for all 1,124 samples. 367 

For each image and descriptor map, the foreground mask was resized to match the spatial size 368 

of the descriptor map using nearest-neighbor interpolation. Pixels with mask values greater 369 

than 127 were defined as the seed foreground, and only these foreground pixel values were 370 

used for summary feature calculation. Background pixels were excluded from feature 371 

extraction. Descriptor maps were analyzed after normalization to the range [0, 1]. 372 

Six foreground-restricted summary statistics were calculated from each descriptor map: mean, 373 

standard deviation, median, 90th percentile, top 10% mean, and interquartile range. Standard 374 

deviation was calculated as the population standard deviation. The 90th percentile was 375 

calculated from foreground pixel values, and the interquartile range was calculated as the 376 

difference between the 75th and 25th percentiles. The top 10% mean was calculated by 377 

selecting the highest 10% of foreground pixel values and averaging them. Each image was 378 

therefore converted into a 174-dimensional numeric feature vector consisting of 29 descriptor 379 

maps × 6 summary statistics. 380 

Descriptor summary features were converted into a wide-format tabular matrix and used as 381 

classifier inputs. Feature columns were named by combining the descriptor key and statistic 382 

name. Class labels were encoded in the order ARSE, ARSS, PJNA, PRDA, and PRPE. 383 

Logistic regression was used as the primary fixed classifier for tabular classification, and 384 

radial basis function support vector machine (RBF SVM) was used as a secondary comparison 385 

[36]. Both classifiers were implemented in scikit-learn pipelines with StandardScaler. 386 

StandardScaler was fitted only on the training set, and the test set was transformed using the 387 



scaling parameters estimated from the training set [37]. Logistic regression was configured 388 

with the lbfgs solver, C = 1.0, max_iter = 5000, and random_state = 42. RBF SVM was 389 

configured with an RBF kernel, C = 1.0, gamma = scale, probability = false, and random_state 390 

= 42. Both classifiers were evaluated under fixed settings, with no additional hyperparameter 391 

tuning. 392 

Performance was also compared across feature sets. In addition to the all-valid descriptor set 393 

containing all 29 valid descriptor maps, the following subsets were evaluated: selected 10-map 394 

set, Top 3, Top 5, and Top 7 IG-associated descriptor subsets, low or negative IG-associated 395 

subset, color and intensity subset, spatial frequency subset, texture-only subset, texture and 396 

wavelet-detail subset, and edge and shape subset. For each subset, the same six summary 397 

statistics were calculated for each included descriptor map to construct the feature vector. The 398 

descriptor maps included in each subset and the corresponding number of features are 399 

summarized in Supplementary Table S5. 400 

Classification performance was evaluated on the independent test set using accuracy, macro 401 

precision, macro recall, and macro F1-score. Logistic regression results are presented as the 402 

primary analysis, and RBF SVM results are presented as a secondary comparison to examine 403 

differences associated with classifier choice. 404 

 405 

2.7 Software and reproducibility 406 

All final experiments and analyses were conducted in a Python 3.11.15 environment. PyTorch 407 

2.12.0.dev20260316+cu128 and torchvision 0.26.0.dev20260316+cu128 were used for deep 408 

learning model training and gradient-based attribution calculation. The ConvNeXt-Small, 409 

ResNet50, and EfficientNet-B0 model architectures were implemented using timm 0.6.7, and 410 



IG attribution was calculated using Captum 0.8.0. 411 

Image preprocessing was performed using rembg 2.0.75, Pillow 12.2.0, and OpenCV 4.10.0. 412 

Descriptor maps were calculated using OpenCV 4.10.0, scikit-image 0.26.0, NumPy 2.4.4, 413 

SciPy 1.17.1, and PyWavelets 1.8.0 [38–40]. Descriptor summary feature table construction 414 

and tabular data processing were performed using pandas 2.3.3. Statistical analysis and 415 

descriptor summary feature classification were performed using SciPy 1.17.1, statsmodels 416 

0.14.6, and scikit-learn 1.8.0 [37,40]. Figures 1 and 2 were designed and assembled by the 417 

authors, whereas Figures 3 and 4 were generated using Python, matplotlib 3.10.8, and 418 

seaborn 0.13.2. 419 

Experiments were performed on a workstation equipped with one NVIDIA RTX PRO 6000 420 

Blackwell Max-Q Workstation Edition GPU. The execution environment used NVIDIA 421 

driver 580.159.03, PyTorch CUDA 12.8, and cuDNN 9.19.0. The CUDA version displayed 422 

by nvidia-smi was 13.0. 423 

To support reproducibility, the random seed was fixed at 42. During CNN training, the 424 

Python random seed, NumPy random seed, PyTorch random seed, and CUDA random seed 425 

were all set. The cuDNN deterministic option was enabled, and the benchmark option was 426 

disabled. Train/test split files, model configuration files, descriptor map inventories, 427 

attribution outputs, descriptor summary feature tables, statistical result tables, and figure-428 

generation scripts were stored and managed within the same repository structure. 429 

During the preparation of this manuscript, the authors used ChatGPT (OpenAI) to assist with 430 

manuscript drafting and code development. All AI-assisted content and code were reviewed, 431 

edited, and verified by the authors, who take full responsibility for the integrity and accuracy 432 

of the work. No generative AI image-generation tools were used. 433 



 434 

3. Results 435 

3.1 CNN backbone performance comparison 436 

To examine whether seed class discrimination was stable under the controlled imaging and 437 

preprocessing conditions, classification performance was compared among ConvNeXt-Small, 438 

ResNet50, and EfficientNet-B0. All three backbones showed near-ceiling performance in 439 

both stratified 5-fold cross-validation and the independent test set. ResNet50 achieved a 440 

cross-validation accuracy of 0.9989 ± 0.0025 and a macro F1-score of 0.9989 ± 0.0024, with 441 

both accuracy and macro F1-score reaching 1.0000 on the independent test set. EfficientNet-442 

B0 also achieved a cross-validation accuracy of 0.9989 ± 0.0025 and a macro F1-score of 443 

0.9989 ± 0.0024, with both accuracy and macro F1-score reaching 1.0000 on the independent 444 

test set. ConvNeXt-Small achieved a cross-validation accuracy of 0.9989 ± 0.0025 and a 445 

macro F1-score of 0.9988 ± 0.0026, and showed an accuracy of 0.9956 and a macro F1-score 446 

of 0.9957 on the independent test set (Table 3). 447 

These results indicate that all three CNN backbones provided stable classification 448 

performance under the dataset and preprocessing conditions used in this study. Subsequent 449 

attribution–descriptor contextualization analyses were performed using the final ConvNeXt-450 

Small checkpoint. ConvNeXt-Small showed near-ceiling performance on the independent test 451 

set, and its prediction outputs were used to generate zero-baseline absolute IG maps and 452 

selected-layer Grad-CAM maps. Grad-CAM maps from ResNet50 and EfficientNet-B0 were 453 

used as backbone-level complementary visualizations, while the main foreground-restricted 454 

descriptor association analysis was conducted using the zero-baseline absolute IG maps 455 

generated from ConvNeXt-Small (Table 3). 456 



Table 3. CNN backbone performance comparison. 457 

Model CV accuracy CV macro F1 
Test 

accuracy 

Test 
macro F1 

ResNet50 0.9989 ± 0.0025 0.9989 ± 0.0024 1.0000 1.0000 

EfficientNet-B0 0.9989 ± 0.0025 0.9989 ± 0.0024 1.0000 1.0000 

ConvNeXt-Small 0.9989 ± 0.0025 0.9988 ± 0.0026 0.9956 0.9957 

 458 

The mean cross-validation accuracy was 0.9989 for all three models, and the macro F1-459 

score ranged from 0.9988 to 0.9989. Taken together with the independent test set results, the 460 

cross-validation results showed that all three CNN backbones achieved near-ceiling 461 

performance under the dataset and preprocessing conditions used in this study. The confusion 462 

matrix and the single misclassified ConvNeXt-Small test sample are shown in Supplementary 463 

Fig. S3. 464 

 465 

3.2 Attribution maps from the primary classifier 466 

Attribution maps were generated for 225 seed images in the independent test set using the 467 

final ConvNeXt-Small classifier. In the main analysis, the zero-baseline absolute IG map was 468 

used as the main attribution representation. This map was used to represent the overall spatial 469 

magnitude of prediction-related responses and was applied in subsequent foreground-470 

restricted spatial association analysis with predefined descriptor maps. 471 

To examine differences in spatial patterns according to the attribution setting, absolute IG 472 

maps generated using a Gaussian-blurred baseline were compared with zero-baseline absolute 473 

IG maps. The foreground-restricted Spearman correlation between the two IG maps was 474 

0.4395 ± 0.0981. Based on this result, the zero-baseline absolute IG map was fixed as the 475 



reference for the main analysis, while the Gaussian-blurred baseline IG map was presented as 476 

a supplementary comparison. Class-average zero-baseline and Gaussian-blurred baseline IG 477 

maps and per-sample spatial agreement are shown in Supplementary Fig. S2. 478 

Selected-layer Grad-CAM was generated from the final ConvNeXt-Small classifier as a 479 

complementary layer-level attribution visualization. The foreground coverage of the top 20% 480 

Grad-CAM response region was 0.9739 ± 0.0566. This result indicates that most high-481 

response regions in Grad-CAM were located within the seed foreground. Positive IG and 482 

Grad-CAM results are presented together in the supplementary attribution comparison. 483 

Figure 3 shows zero-baseline absolute IG overlays and selected-layer Grad-CAM overlays 484 

for representative test images. In the subsequent analyses, the ConvNeXt-Small zero-baseline 485 

absolute IG map was used as the main attribution map to calculate foreground-restricted 486 

spatial association with predefined descriptor maps. Additional representative attribution and 487 

descriptor examples are provided in Supplementary Fig. S1. 488 



 489 

Fig. 3 Attribution maps from the primary classifier. Representative input images, zero-baseline 490 

absolute IG overlays, class-average IG maps, and selected-layer Grad-CAM overlays are shown for 491 

each seed class. IG was used as the main input-level attribution map, whereas Grad-CAM was shown 492 

as a complementary selected-layer visualization. 493 

 494 



3.3 Spatial association between IG attribution and predefined descriptor maps 495 

Foreground-restricted spatial association between the zero-baseline absolute IG attribution 496 

maps from ConvNeXt-Small and the predefined descriptor maps was evaluated using 497 

Spearman correlation. Among the tested descriptor maps, several descriptors in the color and 498 

intensity category and the spatial frequency category showed relatively high positive 499 

associations. LAB L showed the highest mean Spearman correlation coefficient, with a value 500 

of 0.4857 ± 0.1586, and Brightness showed a similar value of 0.4849 ± 0.1569. In the spatial 501 

frequency category, FFT low-pass also showed a high positive association, with a mean 502 

Spearman correlation coefficient of 0.4804 ± 0.1695 (Fig. 4). 503 



 504 

Fig. 4 Spatial association between IG attribution and predefined image-derived descriptor maps. (A) 505 

Representative input image, IG overlay, and selected descriptor maps generated from the same seed 506 

image. (B) Mean foreground-restricted Spearman correlation between zero-baseline absolute IG maps 507 

and selected descriptor maps across the test set. (C) Classwise mean Spearman correlation for the 508 

selected descriptors. 509 

After the highest-ranked descriptors, positive associations were observed for several color-, 510 



spatial detail-, texture-, and distance-related descriptors. LAB Chroma showed a mean 511 

Spearman correlation coefficient of 0.2898 ± 0.2568, while Wavelet L1 vertical detail and 512 

Distance transform showed values of 0.2032 ± 0.1324 and 0.2007 ± 0.2312, respectively. In 513 

the texture category, the Gabor response at frequency 0.2 and orientation 45 degrees showed 514 

a mean Spearman correlation coefficient of 0.1935 ± 0.1233. 515 

Some descriptors showed low or negative associations. The Fourier descriptor showed the 516 

lowest mean Spearman correlation coefficient, with a value of -0.1973 ± 0.2322, and HSV 517 

Saturation also showed a negative association, with a value of -0.1064 ± 0.1675. LBP showed 518 

a low association close to zero, with a value of -0.0356 ± 0.0404. Image-level statistics and 519 

classwise results for the full descriptor set are provided in Supplementary Table S2. The full 520 

classwise descriptor-association pattern is shown in Supplementary Fig. S4. 521 

Overall, the zero-baseline absolute IG attribution maps from ConvNeXt-Small showed the 522 

highest positive foreground-restricted spatial associations with LAB L, Brightness, and FFT 523 

low-pass among the tested descriptor maps. These results quantitatively show that the main 524 

IG attribution response tended to be co-distributed with lightness-related and low-frequency 525 

descriptor responses within the seed foreground. 526 

 527 

3.4 Descriptor summary features retain class-discriminative visual information 528 

Descriptor summary feature classification was performed to evaluate whether foreground-529 

restricted summary statistics extracted from predefined descriptor maps contained 530 

information for seed class discrimination. A total of 29 valid individual descriptor maps were 531 

used in this analysis, and six summary statistics were calculated from the pixel values inside 532 

the foreground mask for each descriptor map. As a result, each image was converted into a 533 



174-dimensional numeric feature vector. This analysis was conducted as a supplementary 534 

analysis, separate from the preceding IG–descriptor spatial association analysis, to examine 535 

the extent to which descriptor maps captured class-discriminative visual variation within the 536 

seed foreground. 537 

When logistic regression was used as the primary fixed classifier, the feature set containing 538 

all 29 valid descriptor maps achieved an accuracy of 0.9778 and a macro F1-score of 0.9785 539 

on the independent test set (Table 4). 540 

Table 4. Classification performance using foreground-restricted descriptor summary features. 541 

Feature set Model Test accuracy Macro F1 

All valid descriptor 

maps 

Logistic regression 0.9778 0.9785 

Selected 10-map set Logistic regression 0.9511 0.9522 

Top 5 IG-associated 

subset 
Logistic regression 0.9111 0.9127 

Top 7 IG-associated 

subset 
Logistic regression 0.9111 0.9124 

Texture and wavelet-

detail subset 
Logistic regression 0.9644 0.9657 

 542 

The selected 10-map set also maintained performance close to that of the full descriptor set, 543 

with an accuracy of 0.9511 and a macro F1-score of 0.9522. Among subsets composed of 544 

descriptors with high IG association, the Top 3 subset showed an accuracy of 0.8044 and a 545 

macro F1-score of 0.8045, while the Top 5 subset increased to 0.9111 and 0.9127, 546 

respectively. The Top 7 subset showed an accuracy of 0.9111 and a macro F1-score of 0.9124, 547 



which was similar to the Top 5 subset. 548 

The texture and wavelet-detail subset also achieved an accuracy of 0.9644 and a macro F1-549 

score of 0.9657 with logistic regression. This result indicates that descriptor-level visual 550 

variation contributing to seed class discrimination was also present outside the descriptor 551 

subset with the highest IG spatial associations. The low or negative IG-associated subset 552 

showed an accuracy of 0.8622 and a macro F1-score of 0.8668, further showing that spatial 553 

association ranking and descriptor summary classification performance provide information 554 

from different analytical perspectives. 555 

In the secondary comparison using RBF SVM, the full set of 29 valid descriptor maps 556 

achieved an accuracy of 0.9733 and a macro F1-score of 0.9742. The selected 10-map set 557 

showed an accuracy of 0.9244 and a macro F1-score of 0.9257, and the Top 7 IG-associated 558 

subset showed an accuracy of 0.9244 and a macro F1-score of 0.9246. The RBF SVM results 559 

also showed that the full descriptor set maintained high classification performance. The full 560 

descriptor summary classification results for all feature subsets and both classifiers are 561 

provided in Supplementary Table S5. 562 

These results show that foreground-restricted summary features extracted from predefined 563 

descriptor maps contain class-discriminative visual information for medicinal seed class 564 

discrimination. 565 

 566 

3.5 Supplementary comparison using positive IG and Grad-CAM 567 

To compare with the main descriptor association results based on the zero-baseline absolute 568 

IG map, foreground-restricted descriptor associations were also calculated using positive IG 569 

maps and selected-layer Grad-CAM maps from ConvNeXt-Small. This analysis was 570 



performed as a supplementary comparison to examine the extent to which descriptor 571 

association patterns were maintained when the attribution representation was changed. 572 

In the positive IG maps, several top-ranked descriptors overlapped with those from the 573 

zero-baseline absolute IG maps. Based on the Top 10 descriptors, positive IG and absolute IG 574 

shared seven descriptors. Brightness, LAB L, and FFT low-pass were also included among 575 

the top-ranked descriptors for positive IG. Descriptor association coefficients for positive IG 576 

tended to be lower overall than those for absolute IG, and the rankings of some wavelet- and 577 

texture-related descriptors differed. The full results of descriptor association based on 578 

positive IG are provided in Supplementary Table S3. 579 

Descriptor association analysis using selected-layer Grad-CAM from ConvNeXt-Small also 580 

showed partial overlap with the absolute IG results. Based on the Top 10 descriptors, Grad-581 

CAM and absolute IG shared six descriptors. In Grad-CAM, Distance transform, LAB 582 

Chroma, and HSV Saturation showed relatively higher rankings than in absolute IG, while 583 

some wavelet detail and Gabor response descriptors showed different ranking patterns 584 

depending on the attribution representation. The full results of descriptor association based on 585 

Grad-CAM are provided in Supplementary Table S4. 586 

Overall, Brightness, LAB L, and FFT low-pass remained among the top-ranked descriptors 587 

in positive IG, whereas some descriptor rankings in Grad-CAM differed from those in 588 

absolute IG. In this study, the zero-baseline absolute IG results are presented as the main 589 

analysis, and the positive IG and Grad-CAM results are summarized as supplementary 590 

comparisons of descriptor association patterns according to the attribution setting. 591 

 592 



4. Discussion 593 

4.1 Foreground-restricted descriptor contextualization as a methodological contribution 594 

This study presents a foreground-restricted workflow for contextualizing CNN attribution 595 

maps using predefined image-derived descriptor maps in medicinal plant seed classification. 596 

In the proposed workflow, seed foreground masks, attribution maps, and descriptor maps were 597 

aligned in a shared coordinate system, and attribution–descriptor spatial association was 598 

calculated within the seed object after excluding background pixels. This foreground restriction 599 

reflects the analytical focus of the study, as visual information relevant to seed image 600 

classification is mainly contained in seed coat color, intensity variation, local texture, edge 601 

structure, contour, and shape-related variation. 602 

Attribution heatmaps indicate spatial regions associated with CNN predictions, but they do 603 

not specify which image properties are represented in those regions. Within the seed foreground, 604 

high attribution responses may coincide with lightness variation, chromatic differences, coarse-605 

scale intensity structure, local texture, edge responses, or contour-related patterns. Comparing 606 

attribution maps with predefined descriptor maps therefore provides a structured way to place 607 

heatmap locations within reproducible image-derived visual contexts. 608 

The descriptor maps used in this study represented color and intensity, spatial frequency, 609 

texture, edge, and shape-related responses under consistent computational criteria. The 610 

interpretation of these maps was limited to their use as visual references for quantifying 611 

foreground co-distribution between attribution responses and descriptor responses. This 612 

distinction allowed attribution–descriptor spatial association to be interpreted separately from 613 

descriptor-level class separability. 614 

The near-ceiling classification performance of the three CNN backbones under controlled 615 



imaging and preprocessing conditions provided a practical basis for the subsequent attribution 616 

analysis. Stable classifier performance supported the generation of prediction-related 617 

attribution maps from reliable model outputs. In this study, classification accuracy mainly 618 

served to support the downstream analysis, while the methodological focus lay in how 619 

attribution patterns could be contextualized within the seed foreground. 620 

This workflow is particularly relevant for image-based analysis of visually similar medicinal 621 

plant seeds, related taxa, and potential substitutes. In such cases, class label prediction alone 622 

gives limited information about the visual basis of model responses. Foreground-restricted 623 

descriptor contextualization summarizes how attribution responses and predefined descriptor 624 

responses are spatially co-distributed inside the seed object. The resulting framework provides 625 

a methodological basis for structured interpretation of CNN attribution patterns in medicinal 626 

seed image classification and related plant image analysis tasks. 627 

 628 

4.2 Attribution maps as method-dependent spatial patterns 629 

IG and Grad-CAM generated from ConvNeXt-Small provided attribution patterns at 630 

different spatial levels [18,19]. IG accumulates gradient-based attribution between input pixel-631 

channel values and the predicted class logit, producing an input-level attribution pattern across 632 

the seed foreground. Grad-CAM is derived from activations and gradients in a selected layer 633 

and produces a coarser layer-level response pattern. In this study, the top 20% response region 634 

of Grad-CAM was located mostly within the seed foreground, indicating that the selected-layer 635 

response was largely aligned with the preprocessed seed object region. 636 

The spatial pattern of the IG attribution map varied according to the baseline setting 637 

[18,20,21]. The mean foreground-restricted Spearman correlation between the zero-baseline 638 



absolute IG map and the Gaussian-blurred baseline absolute IG map was 0.4395 ± 0.0981, 639 

showing that the baseline setting affected the spatial distribution of IG responses. Based on this 640 

result, the zero-baseline absolute IG map was fixed as the main attribution map for descriptor 641 

comparison. Positive IG and Grad-CAM were used as supplementary comparisons to examine 642 

how attribution patterns changed across attribution settings and methods. 643 

This method-dependent variability supports the use of a clearly defined attribution reference 644 

when comparing CNN attribution maps with predefined descriptor maps. In the present 645 

workflow, the zero-baseline absolute IG map served as the primary reference for quantifying 646 

foreground-restricted spatial association with descriptor responses. The supplementary 647 

attribution maps were used to assess whether similar descriptor association tendencies appeared 648 

under alternative attribution settings, without treating any single attribution map as a complete 649 

explanation of the model decision. 650 

 651 

4.3 Spatial association with predefined image-derived descriptor maps 652 

The zero-baseline absolute IG map showed the highest positive foreground-restricted spatial 653 

associations with LAB L, Brightness, and FFT low-pass among the tested descriptor maps. 654 

LAB L and Brightness represent lightness and intensity variation within the seed foreground, 655 

while FFT low-pass represents coarse-scale intensity structure in the grayscale image [22]. This 656 

pattern suggests that the input-level attribution map of ConvNeXt-Small was spatially co-657 

distributed with lightness-related, intensity-related, and low-frequency image responses within 658 

the seed foreground. In this sense, predefined descriptor maps served as references for 659 

organizing attribution patterns within image-derived visual contexts. 660 

Positive associations were also observed for LAB Chroma, Wavelet L1 vertical detail, 661 



Distance transform, and some Gabor responses [23,24]. These descriptors represent chromatic 662 

magnitude, scale-specific spatial detail, interior distance from the boundary, and orientation-663 

selective texture-like responses, respectively. In seed images, intensity, color, local spatial 664 

detail, and contour-related responses may vary together within the foreground. The co-665 

distribution of multiple descriptor responses with IG attribution supports interpreting 666 

attribution patterns within combinations of image-derived responses. 667 

Fourier descriptor, HSV Saturation, and LBP showed low or negative associations [25,27]. 668 

Fourier descriptor is closer to a contour-derived shape representation, whereas LBP 669 

summarizes local binary relationships among neighboring pixels. These descriptors differ from 670 

the input-level IG map in spatial scale or response type, which may explain their lower 671 

association with foreground IG responses. Overall, the results in Section 3.3 provide a 672 

quantitative basis for comparing the visual descriptor contexts in which IG attribution maps 673 

are spatially distributed within the seed foreground. 674 

 675 

4.4 Descriptor summary features as class-discriminative visual context 676 

Descriptor summary feature classification was performed to examine whether predefined 677 

descriptor maps contained foreground-level visual information relevant to seed class 678 

discrimination. The 174-dimensional summary feature vector extracted from all 29 valid 679 

descriptor maps achieved an accuracy of 0.9778 and a macro F1-score of 0.9785 with logistic 680 

regression. These values show that summary statistics calculated from descriptor maps 681 

captured substantial class-discriminative visual variation in the controlled seed image dataset. 682 

The selected 10-map set also showed high classification performance, with an accuracy of 683 

0.9511 and a macro F1-score of 0.9522, suggesting that a compact descriptor set still contained 684 

class-discriminative visual information. 685 



Class-discriminative information was also present in the IG-associated descriptor subsets. 686 

The Top 5 IG-associated subset showed an accuracy of 0.9111 and a macro F1-score of 0.9127, 687 

and the Top 7 subset showed similar performance. The texture and wavelet-detail subset 688 

achieved higher performance than the top IG-associated subsets, with an accuracy of 0.9644 689 

and a macro F1-score of 0.9657. This difference indicates that IG spatial association ranking 690 

and summary-level class separation capture different aspects of descriptor information. 691 

Descriptor summary feature classification complements the spatial association analysis 692 

presented in Section 3.3. Spatial association analysis quantifies the foreground co-distribution 693 

between IG attribution responses and descriptor responses. Descriptor summary classification 694 

evaluates class-level separability based on foreground descriptor statistics. Keeping these 695 

analyses separate helps distinguish the spatial context of attribution maps from the class-696 

discriminative context of descriptor maps. 697 

 698 

4.5 Methodological implications and limitations 699 

The workflow presented in this study was designed to compare CNN attribution maps with 700 

predefined image-derived descriptor maps within the seed foreground. By excluding 701 

background pixels using foreground masks and aligning attribution maps and descriptor maps 702 

in a shared coordinate system, spatial association analysis was restricted to the seed object. 703 

This procedure complements visual inspection of attribution heatmaps with numerical 704 

summaries of foreground-restricted associations with predefined descriptor responses. 705 

Descriptor summary feature classification was also performed as a separate analysis to examine 706 

how foreground-level visual variation captured by descriptor maps was related to seed class 707 

discrimination. 708 



This approach can be useful for seed image datasets with limited expert annotation [4–10]. 709 

Because the descriptor maps were constructed from broad visual properties, including color 710 

and intensity, spatial frequency, texture, edge, and shape, they provided reproducible reference 711 

maps for comparing attribution patterns within an image-derived visual context. The combined 712 

use of spatial association analysis and descriptor summary feature classification allowed the 713 

foreground distribution of attribution maps and descriptor-level class separability to be 714 

organized separately. In authentication-oriented medicinal seed image analysis, this distinction 715 

may help interpret model outputs while keeping descriptor responses within the scope of 716 

image-derived visual context. 717 

Several limitations should be considered. All images were collected and processed under 718 

controlled imaging and preprocessing conditions, and the stability of the workflow should be 719 

evaluated further using external datasets that include different lighting conditions, backgrounds, 720 

imaging devices, and seed orientations. The descriptor maps were based on predefined image-721 

derived responses, and their relationships with expert-defined diagnostic traits, morphological 722 

measurements, chemical profiles, or genetic information require additional data for more 723 

specific evaluation [11–13]. IG attribution can also be affected by the baseline setting and 724 

attribution aggregation strategy, while Grad-CAM can show different spatial responses 725 

depending on the target layer and activation resolution [18,20,21]. Because descriptor summary 726 

feature classification uses foreground-level summary statistics, detailed spatial patterns in 727 

descriptor maps should be interpreted together with spatial association analysis. 728 

Future studies can reevaluate this workflow using independent seed image datasets and diverse 729 

imaging conditions. When expert annotations or morphology-based measurements are 730 

available, the relationship between image-derived descriptor responses and practical 731 

discrimination criteria can be compared in greater detail. Applying multiple CNN architectures 732 



and attribution methods would also support a clearer evaluation of the stability of attribution–733 

descriptor spatial associations. These extensions may help apply the foreground-restricted 734 

attribution contextualization workflow to seed quality assessment and other plant image 735 

analysis tasks beyond medicinal plant seed classification. 736 

 737 

5. Conclusions 738 

This study presented a foreground-restricted descriptor contextualization workflow for 739 

comparing CNN attribution maps with predefined image-derived descriptor maps in medicinal 740 

plant seed image classification. Under controlled imaging and preprocessing conditions, three 741 

CNN backbones achieved near-ceiling classification performance, and zero-baseline absolute 742 

IG maps from ConvNeXt-Small were used as the primary attribution reference. By aligning 743 

seed foreground masks, attribution maps, and descriptor maps in a shared coordinate system, 744 

the workflow quantified attribution–descriptor spatial association only within the seed object. 745 

Among the tested descriptor maps, LAB L, Brightness, and FFT low-pass showed the highest 746 

positive foreground-restricted associations with IG attribution maps, indicating that attribution 747 

responses were mainly co-distributed with lightness-related, intensity-related, and low-748 

frequency image responses within the seed foreground. 749 

Descriptor summary feature classification further showed that predefined descriptor maps 750 

contained class-discriminative visual information at the foreground level. The full descriptor 751 

set achieved high classification performance, and selected descriptor subsets also captured 752 

class-relevant visual variation. These results support the complementary use of attribution–753 

descriptor spatial association and descriptor summary classification: the former summarizes 754 

spatial co-distribution between attribution and descriptor responses, while the latter evaluates 755 



descriptor-level class separability. The proposed workflow provides a reproducible way to 756 

organize CNN attribution patterns within image-derived visual contexts and may support more 757 

structured interpretation of CNN responses in authentication-oriented medicinal seed image 758 

analysis, seed quality assessment, and related plant image analysis tasks. 759 
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