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Abstract 14 

Hyperspectral imaging (HSI) combines spatial and spectral information, producing high-15 

dimensional datasets for which machine learning (ML) methods have become a key tool 16 

for classiƱcation. However, publicly available HSI datasets that explicitly require the joint 17 

exploitation of both spatial and spectral dimensions for classiƱcation remain limited. 18 

Here, we present HyperCookies, a carefully annotated HSI dataset comprising images of 19 

160 cookies belonging to four classes deƱned by both spectral and spatial 20 

characteristics. Spectral variation is introduced through chocolate droplets with diƯerent 21 

cocoa contents, and spatial variation is represented by two topping arrangements. HSI 22 

data were acquired using two complementary line-scan cameras covering the visible and 23 

near-infrared (VNIR, 400–1000 nm) and short-wave infrared (SWIR, 900–1700 nm) ranges. 24 

The cookies were imaged both before and after baking, enabling the study of processing-25 

induced changes. Baseline experiments using both spectral ML classiƱers and image-26 

based convolutional neural networks demonstrate that neither spectral nor spatial 27 

information alone is suƯicient to reliably discriminate all four classes. The HyperCookies 28 

dataset is therefore made publicly available as a challenging and realistic benchmark for 29 
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the development and evaluation of methods that jointly exploit spectral and spatial 30 

information in hyperspectral images.  31 

Background & Summary 32 

In computer vision, information is commonly acquired using digital cameras operating in 33 

the visible region of the electromagnetic spectrum. Standard color cameras record 34 

reƲected light in three broad, overlapping wavelength bands, centered in the red (~600-35 

630 nm), green (~530-550 nm), and blue (~430-470 nm) regions (RGB), producing images 36 

that approximate human visual perception 1. The resulting RGB images have enabled the 37 

rapid development of computer vision methods for automated and objective image 38 

analysis across a wide range of applications 2–4. 39 

However, many materials exhibit spectral characteristics that cannot be fully captured 40 

using only three visible wavelength bands. Recent examples in the agrifood domain 41 

include the detection of diseases in cucumber leaves and grapevines, as well as the 42 

discrimination of diƯerent grain types in heterogeneous granular mixtures 5–7. 43 

Multispectral and hyperspectral imaging combine the strengths of conventional imaging 44 

and spectroscopy by capturing spatial and spectral information simultaneously, yielding 45 

a spectrum for each pixel. Multispectral imaging acquires a limited number of discrete 46 

wavelength bands, whereas hyperspectral imaging (HSI) captures tens to hundreds of 47 

contiguous spectral bands, providing a detailed spectral signature for every pixel. The 48 

data generated by HSI are commonly represented as a 3D data cube, or hypercube, 49 

consisting of two spatial dimensions and one spectral dimension. HSI systems 50 

frequently operate in the visible and near-infrared (VNIR, 400–1000 nm) and short-wave 51 

infrared (SWIR, 1000–2500 nm) regions of the electromagnetic spectrum. These spectral 52 

ranges contain information related to the chemical composition and physical properties 53 

of materials 8. 54 

The high dimensionality and strong correlation between spectral bands present 55 

challenges for data analysis. Traditionally, HSI data have been analyzed using 56 

multivariate statistical methods such as principal component analysis (PCA), partial 57 

least squares regression (PLSR), soft independent modelling of class analogy (SIMCA), 58 

and partial least squares discriminant analysis (PLS-DA) 9. These approaches primarily 59 
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exploit spectral information, treating pixels independently, and are therefore often 60 

referred to as ‘spectral classiƱers’ 10. More recently, advances in machine learning have 61 

been exploited to include spatial information in the analysis as well 11. For this task, 62 

convolutional neural networks (CNNs) are a common choice 12. 63 

HSI often combines rich spectral and spatial information, yet many tasks on publicly 64 

available HSI datasets can achieve strong performance using primarily either spectral or 65 

spatial features. For example, widely used remote sensing datasets such as Indian Pines 66 

and Kennedy Space Centre have been extensively studied using methods that rely 67 

predominantly on spectral signatures for classiƱcation 13. Beyond remote sensing, HSI 68 

has also been widely applied in food science for the assessment of quality attributes 14, 69 

including moisture, fat, and protein content. An example is the CoaSpec dataset, which 70 

was developed for cocoa bean quality assessment 15. However, many datasets in this 71 

domain consist of point-wise measurements using NIR spectroscopy rather than 72 

spatially resolved hyperspectral images 16. Furthermore, the classiƱcation task in the 73 

relatively few available agrifood HSI datasets is focused on global sample properties, 74 

such as ripeness or quality attributes, for which mean spectra and conventional 75 

multivariate statistical methods already achieve high performance 17,18, as summarized 76 

in Table 1. At the same time, spectral-spatial classiƱers have been developed for such 77 

applications. For instance, a recent study developed a spectral-spatial fusion network for 78 

detecting potato tuber dry rot, achieving an accuracy of about 98%, compared to 97% for 79 

a conventional spectral SVM classiƱer 19. Likewise, in another study, spectral SVM 80 

classiƱers achieved performance comparable to, or even exceeding, that of a 3D CNN for 81 

the classiƱcation of confectionary products and the discrimination between white stripe 82 

and red muscle tissue in salmon Ʊllets 20. For the classiƱcation of bruised plums, a 83 

spectral NPLS-DA classiƱer achieved an accuracy of 75%, compared with 87% for a 84 

spectral-spatial CNN. In contrast, a larger performance gap was observed for mango 85 

ripeness classiƱcation, where a novel spectral-spatial approach achieved an accuracy of 86 

92% compared with 58% for a traditional spectral Random Forest classiƱer 21,22. To the 87 

best of our knowledge, no publicly available dataset provides a benchmark speciƱcally 88 

designed for developing and evaluating algorithms that must jointly exploit both spectral 89 
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and spatial information. The lack of such spectral–spatial benchmark datasets limits the 90 

development and evaluation of machine learning (ML) methods that fully leverage the 91 

information content of HSI data.92 
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Table 1. Overview of publicly available hyperspectral imaging (HSI) datasets for classiƱcation of agrifood products. For each dataset, the 93 

number of full HSI images, camera system, spectral range, number of spectral bands, target classes, and class balance are listed. The 94 

Ʊnal column indicates whether successful classiƱcation has been demonstrated using spectral features only (accuracy reported), thereby 95 

providing insight into the extent to which spatial information is required for the task. Spectral-only baseline results for our HyperCookies 96 

dataset are given in Table 2. NR, not reported. 97 

Dataset No. of samples Camera Range No. of bands Classes Class 
balance 

Successful spectral-
only baseline? 

HyperLeaf202423  2410 SpecimIQ 400-1000 nm 204 4 cultivars  
(+ regression targets) 

NR NR 

Canadian wild rice kernels24  2,048 Specim FX 10 400-1000 nm 224 8 quality classes No NR 

Avocado25  180 Specim FX10 

INNO-SPEC Redeye 

400-1000 nm 

950-1700 nm 

224 

252 

3 Ʊrmness levels 

3 ripeness levels 

Yes 

Yes 

Yes (77.8%) 

Yes (66.7%) 

Kiwi25  262 Specim FX10 

INNO-SPEC Redeye 

400-1000 nm 

950-1700 nm 

224 

252 

3 Ʊrmness levels 

3 sweetness levels 

3 ripeness levels 

Yes Yes (60.9%) 

Yes (82.6%) 

Yes (55.6%) 

Grapevine leaves26  205 SpecimIQ 400-900 nm 204 healthy and 11 diseases No    Yes (87.2%)27  
Agricultural plant HSI28  385 OƯner 420-979 nm 237 16 agricultural crops No               Yes (96%) 

HyperspectralBlueberries29  420 Pika XC2 400-1000 nm 462 2 (normal and defective) Yes Yes (95.7%) 

Chicken eggs30  1,228 Pika L 374-1014 nm 300 2 (fertile and infertile) Yes Yes (90.3%) 

HyperCookies (ours) 320 Specim FX10 

Specim FX17 

400-1000 nm 

900-1700 nm 

224 

224 

4 topping patterns Yes No 

 98 

 99 
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Therefore, the objective of this contribution is to develop, describe and make available 100 

HyperCookies, the Ʊrst annotated HSI dataset speciƱcally designed to require the 101 

integration of both spectral and spatial information for accurate classiƱcation. The 102 

dataset comprises four cookie classes that diƯer in both topping composition and 103 

topping arrangement. Spectral variation is introduced through chocolate droplets with 104 

54% or 80% cocoa content, while spatial variation is represented by checkerboard and 105 

circular topping patterns. As a result, the classes cannot be reliably discriminated using 106 

neither spectral information alone, since the mean spectral signatures of the classes 107 

largely overlap, nor by spatial information alone, since the two chocolate types are 108 

visually indistinguishable. Consequently, accurate classiƱcation requires the joint 109 

exploitation of spectral and spatial information. To provide opportunities to investigate 110 

transfer learning, domain adaptation, and domain shift, HSI data were acquired in the 111 

VNIR and SWIR ranges, both before and after baking the cookies. In addition, predeƱned 112 

training, validation, and test splits are provided to facilitate reproducible benchmarking. 113 

Baseline results obtained using seven spectral and six image-based classiƱers 114 

demonstrate the limitations of relying exclusively on either spectral or spatial information 115 

for such HSI datasets. These experiments should not be interpreted as a comprehensive 116 

benchmark of HSI classiƱcation methods. Rather, they were designed to illustrate the 117 

challenges associated with only spectral and spatial approaches and to highlight the 118 

need for methods that eƯectively integrate spectral and spatial information for HSI 119 

classiƱcation. 120 

Methods 121 

Sample description 122 

The dataset comprises 160 handmade cookies prepared from a dough containing 60% 123 

w/w peanut butter (85.5% peanuts, sunƲower oil, fully hydrogenated palm fat, salt), 26% 124 

w/w wheat Ʋour, and 14% w/w powdered sugar, adapted from the recipe of Lane 31. 125 

Ingredients were weighed using a laboratory balance (Kern PCB 10000-1, Kern & Sohn, 126 

Balingen, Germany, max 10,000 g, d = 0.1 g) according to Ʊxed target proportions. The 127 

ingredients were mixed until a homogeneous dough was obtained. Two independent 128 

dough batches were prepared on diƯerent days, each yielding 80 cookies. Although 129 
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identical formulations and preparation procedures were used, the use of independent 130 

production batches introduces realistic batch-to-batch variability, reducing the risk of 131 

overly optimistic classiƱer performance that may arise when all samples originate from 132 

a single homogeneous batch. The dough was Ʋattened to a thickness of approximately 133 

0.8 cm using a Ʋat plate and circular cookie bases were cut using an 8 cm diameter 134 

cookie cutter. Each cookie was decorated with chocolate droplets of two chocolate 135 

formulations: 54% and 80% cocoa chocolate. According to the manufacturer, the 54% 136 

chocolate contained cocoa mass, sugar, cocoa butter, soy lecithin, and natural vanilla 137 

Ʋavour, whereas the 80% chocolate contained cocoa mass, sugar, low-fat cocoa powder, 138 

soy lecithin, and natural vanilla Ʋavour. The two formulations therefore diƯered primarily 139 

in their cocoa content and the presence of added cocoa butter in the 54% chocolate. 140 

Both chocolates appeared visually similar in RGB images, making them suitable for HSI-141 

based classiƱcation. Two spatial arrangements of chocolate droplets were used: circular 142 

and checkerboard patterns. For each pattern, the positions of the two chocolate types 143 

were alternated, resulting in four experimental classes, each consisting of 40 cookies, as 144 

shown in Figure 1. Chocolate droplets were placed manually, maintaining the intended 145 

pattern while allowing natural variation in the number, density, and exact position of 146 

droplets. Additional variability was introduced through repeated handling of the cookies, 147 

causing minor deformations from the ideal circular shape (Fig. 1). HSI data were acquired 148 

for all cookies in both unbaked and baked conditions, allowing the evaluation of domain 149 

shifts induced by physicochemical changes during baking. Following the initial image 150 

acquisition, the cookies were baked in an oven (Vötsch VTU 100/150) set at 180 °C for 12 151 

minutes and allowed to cool and rest for approximately 24 hours prior to spectral 152 

imaging. A second batch of cookies was prepared and baked one day later. Due to 153 

practical constraints, two cookies from Class 1 and two from Class 4 were missing during 154 

acquisition of the second batch, resulting in 38 spectral hypercubes for Classes 1 and 4 155 

and 40 for Classes 2 and 3. 156 
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 157 

Figure 1. Schematic representation (top row) and RGB image (bottom row) of the four 158 

cookie classes. Class 1: circular pattern with 80% cocoa droplets in the outer ring and 159 

54% cocoa droplets in the middle. Class 2: circular pattern with 54% cocoa droplets in 160 

the outer ring and 80% cocoa droplets in the middle. Class 3: checkerboard pattern with 161 

80% cocoa droplets in the upper half and 54% cocoa droplets in the lower half. Class 4: 162 

checkerboard pattern with 80% and 54% cocoa droplets arranged diagonally. 163 

Image acquisition 164 

The image acquisition setup consisted of a moving sample bed and two hyperspectral 165 

pushbroom cameras covering the VNIR (Specim FX10, 400-1000 nm) and SWIR range 166 

(Specim FX17, 900-1700 nm), as shown in Figure 2. The cameras are line-scan cameras 167 

that scan the object line by line to obtain a hyperspectral image cube with two spatial 168 

dimensions and a spectral dimension. The FX10 camera simultaneously acquires 224 169 

spectral bands between 398.75 and 1002 nm, with a sampling interval of ~2.56 nm and a 170 

spectral resolution (FWHM) of ~2.5–2.6 nm. The FX17 camera simultaneously acquires 171 

224 bands between 935.6 and 1720 nm, with a sampling interval of ~3.46 nm and a 172 

FWHM of ~3.5 nm. The samples were illuminated by two halogen lamps (Osram Light AG, 173 

50 W, 12 V DC) at each camera, with one lamp positioned on either side of the moving 174 

sample bed. After the lamps were switched on, they were allowed to warm up for 30 min 175 

to ensure stable illumination.  176 

 177 
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 178 

Figure 2. Hyperspectral image acquisition system consisting of three cameras: an RGB 179 

camera (left), a SWIR camera (SPECIM FX17; middle), and a VNIR camera (SPECIM FX10; 180 

right). The blue plate is the sample tray, which moves beneath the cameras during image 181 

acquisition. Original image adapted through GenAI for removing the sample on the tray. 182 

To convert raw images into reƲectance data, white and dark reference images were 183 

acquired for each camera. The white reference was obtained using a Spectralon 184 

calibration panel, while the dark reference was acquired with the camera shutter closed. 185 

These references were used to correct for non-uniform illumination, sensor sensitivity 186 

variations, electronic noise, and thermal eƯects according to the following equation: 187 

𝑅 = ܫ  − ܹܦ − ܦ                                                                        (1) 188 

where 𝑅  is the calibrated reƲectance image, ܫ  is the raw image, ܹ  is the white reference 189 

image, and ܦ  is the dark reference image. 190 

Training, validation, and test data 191 

The dataset comprised 160 cookies collected over two acquisition days, with 80 cookies 192 

(20 samples per class) measured on each day. To account for day-to-day variability, the 193 

samples from each acquisition day were randomly divided into two equal subsets while 194 

maintaining the original class balance, resulting in four stratiƱed subsets in total. For 195 

model training, two subsets were assigned to the training set (50% of the data), one 196 

subset to the validation set (25%), and one subset to the test set (25%). Considering all 197 
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possible assignments of the four subsets resulted in twelve unique train-validation-test 198 

combinations. 199 

Data preprocessing and calibration 200 

Each hyperspectral acquisition contained two cookies positioned on the tray that is 201 

shown in Figure 2. The acquired raw hypercube, consisting of the line-scan frames 202 

together with the corresponding dark and white reference scans, was converted into a 203 

calibrated reƲectance cube following Eq. (1). Any negative reƲectance values, which 204 

occurred mainly in the edge bands of the FX10, were clipped to zero. The cookies in each 205 

scene were then located by computing the per-pixel spectral variance, deƱned as the 206 

variance of the reƲectance values across all wavelength bands for each pixel individually. 207 

This variance is close to zero on the Ʋat dark tray and high on the textured cookie surface. 208 

The spectral variance image was then thresholded using Otsu's method 32. The resulting 209 

mask was used only to determine the bounding box of each cookie, so the crop retained 210 

the real background pixels instead of setting them to zero. Each cropped cube was then 211 

bilinearly resized along the two spatial axes to 256 × 256 pixels. An overview of the 212 

complete preprocessing and calibration workƲow is provided in Figure 3. 213 
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 214 

Figure 3. Data preprocessing and calibration workƲow. The acquired intensity hypercubes 215 

were calibrated using dark and white reference scans, followed by clipping of negative 216 

reƲectance values. Cookies were identiƱed by applying Otsu thresholding to the 217 

logarithm of the pixel-wise spectral variance, and the resulting bounding boxes were used 218 

to crop the reƲectance cubes. The cropped cubes were subsequently resized to 256 × 219 

256 pixels along the spatial dimensions. 220 

ClassiƱcation using spectral and image-based classiƱers 221 

The hyperspectral data were classiƱed using either purely spectral or purely spatial 222 

(image-based) classiƱers. These experiments should not be interpreted as a 223 

comprehensive benchmark of HSI classiƱcation methods. Rather, they were selected to 224 

highlight the challenges associated with relying exclusively on spectral or spatial 225 

information and to demonstrate the importance of jointly exploiting both spectral and 226 

spatial features for accurate hyperspectral image classiƱcation. 227 
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Input representations 228 

Three input representations were considered. (i) Pseudo-RGB images, used only as 229 

inputs to the image-based classiƱers, were generated for the VNIR data by selecting the 230 

bands at 638.9 nm, 550.2 nm, and 460.5 nm, corresponding to the red, green, and blue 231 

wavelengths. (ii) Three-channel PCA composites were generated for both the VNIR and 232 

SWIR data from the score images of the Ʊrst three principal components. (iii) The full VNIR 233 

and SWIR hyperspectral cubes were used without reduction.  234 

Spectral classiƱers 235 

The spectral classiƱers do not exploit spatial information. The full hyperspectral cubes 236 

and the PCA composites were averaged over the spatial dimensions, yielding a single 237 

vector with the mean reƲectance for each spectral band or the mean score for each 238 

principal component. These vectors were subsequently used as input to conventional ML 239 

classiƱers, including Gaussian Naïve Bayes (GNB) 33, k-Nearest Neighbors (kNN) 34, 240 

Linear Discriminant Analysis (LDA) 35, Logistic Regression (LR) 36, Partial Least Squares 241 

Discriminant Analysis (PLS-DA) 9, Random Forest (RF) 37, and Support Vector Machine 242 

(SVM) 38, implemented using the Scikit-Learn library 39. Hyperparameter optimization was 243 

performed using a grid search strategy on the validation set. 244 

Image-based classiƱers 245 

The pseudo-RGB images, three-channel PCA composites, and the full VNIR and SWIR 246 

hyperspectral cubes were used as input data. For the latter, the original hyperspectral 247 

cubes were reduced to three channels through a dimensionality reduction module 248 

consisting of a single convolutional layer with three output channels, which was placed 249 

before the CNN backbone. In another case, the Ʊrst pretrained layers of the network were 250 

replaced by a newly initialized layer whose number of input channels matched the 251 

spectral dimension of the hyperspectral cube. 252 

Six conventional CNN architectures, namely ResNet18, ResNet50 4, EƯicientNet-V2-S, 253 

EƯicientNet-V2-M 40, MobileNet-V3-S, and MobileNet-V3-L 41 from the Torchvision library, 254 

were trained for each input conƱguration. Given the limited size of the training dataset, 255 

ImageNet-pretrained weights were used as a form of regularization. The networks were 256 

trained using cross-entropy loss and the Adam optimizer with a weight decay of 10-3. An 257 
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initial learning rate of 10-3 was used and reduced by a factor of 10 whenever the validation 258 

loss reached a 3-epoch plateau. Training was performed for 100 epochs, and the model 259 

weights corresponding to the lowest validation loss were retained for inference on the 260 

test set. 261 

Evaluation metrics 262 

The classiƱcation algorithms were evaluated on twelve train-validation-test 263 

combinations. The predicted labels were compared with the ground-truth labels of the 264 

four classes (Class 1 to Class 4). ClassiƱcation performance was quantiƱed using 265 

accuracy, deƱned as the proportion of correctly classiƱed samples relative to the total 266 

number of samples. Due to practical constraints, two hyperspectral hypercubes were 267 

missing from Class 1 and Class 4 in the baked cookie dataset, resulting in a slight class 268 

imbalance. Consequently, balanced accuracy was reported for the baked cookie 269 

experiments, whereas standard accuracy was reported for the perfectly balanced 270 

unbaked-cookie dataset.  271 

Data Records 272 

File formats and folder structure 273 

The dataset is organized into two top-level categories, unbaked and baked, each 274 

following an identical directory structure. Each category is further divided into two 275 

subsets corresponding to the measurement day. Within each subset, data are organized 276 

according to the acquisition camera: FX10 (VNIR) and FX17 (SWIR). For each camera, one 277 

subdirectory is provided: hsi/ (hyperspectral image cubes stored in HDF5 (.h5) format). 278 

Each sample follows the naming convention: 279 

<category>_<camera>_<day>_class<N>_<UID> 280 

where: 281 

- <category> ∈ {unbaked, baked} 282 

- <camera> ∈ {FX10, FX17} 283 

- <day> ∈ {Day1, Day2} 284 

- <N> denotes the class label 285 

- <UID> is a unique sample identiƱer. 286 

The complete directory structure is shown below: 287 
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Data/ 288 

|-unbaked/ 289 

|  |-Day1/ 290 

|  |  |-FX10/ 291 

|  |  |  |-hsi/ 292 

|  |  |-FX17/ 293 

|  |  |  |-hsi/ 294 

|  |-Day2/ [same structure as Day1/] 295 

|-baked/ [same structure as unbaked/] 296 

HSI cube Ʊles 297 

Each HDF5 Ʊle contains the data acquired for a single cookie stored as a 224 × 256 × 256 298 

Ʋoat32 reƲectance cube (spectral bands × height × width). The wavelengths and per-299 

band FWHM are stored as attributes (wavelength_nm, fwhm_nm), together with 300 

metadata describing the bake state, camera, class, split, source Ʊle, and processing 301 

steps applied. 302 

Additional metadata 303 

In addition to the class labels, the dataset includes a metadata Ʊle 304 

(info_observations.csv) describing sample-speciƱc observations. For the baked 305 

cookie samples, instances exhibiting smeared chocolate droplets or surface cracks were 306 

recorded. These annotations enable researchers to identify and optionally exclude such 307 

samples, or to investigate the impact of baking-related features on classiƱcation 308 

performance and model robustness.  309 

Dataloader 310 

The released code includes two PyTorch Dataset objects for loading in the HSI and RGB 311 

Ʊles, respectively. The object has camera, baked, fold, and subset as its parameters. The 312 

info_unbaked.csv and info_baked.csv are included for reproducing the train, 313 

validation, and test splits proposed in this work. 314 
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Technical Validation 315 

The technical validation of the HyperCookies dataset includes a spectral quality analysis 316 

demonstrating the discriminative power of the two chocolate drop types (54% vs 80% 317 

cocoa) and the importance of incorporating spatial information in addition to spectral 318 

information for the classiƱcation of the four cookie classes. Furthermore, baseline 319 

experiments are included to assess the performance of spectral and image-based 320 

(spatial) classiƱers trained on the HSI data.  321 

Visual assessment 322 

Figure 4 provides a visual assessment of the classiƱcation task. Before baking, the four 323 

classes are visually indistinguishable, as both chip types appear nearly identical against 324 

the raw dough in the pseudo-RGB and false-color images. After baking, diƯerences 325 

between the two chip types become partially discernible, not only through subtle color 326 

variations but also through changes in surface texture. This distinction is more 327 

pronounced in the FX17 false-color composites than in the FX10 images. In addition, 328 

baking introduced some visual artifacts, as several chips smeared into the surrounding 329 

dough and some cookies developed slight cracks, partially obscuring the original chip 330 

arrangements. 331 
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Figure 4. Representative samples from each cookie class in (A) the unbaked and (B) the 333 

baked state. Pseudo-RGB (P-RGB) representations generated from bands at 638.9, 550.2, 334 

and 460.5 nm, and composites generated from the Ʊrst three principal components for 335 

the VNIR and SWIR data.  336 

Spectral Quality Analysis 337 

The spectral quality of the samples was evaluated using mean spectral signatures 338 

extracted from HSI data of 54% and 80% cocoa droplets. To obtain these signatures, one 339 

representative cookie from each class was manually annotated, using the ‘labelme’ 340 

python package 42. Ground-truth droplet labels were assigned to the corresponding 341 

chocolate formulation based on visual inspection of the PC score images. Two cookies 342 

from Class 1 and Class 2 were analyzed per day, and three droplets for each chocolate 343 

formulation were segmented in every cookie. The resulting droplet masks were applied 344 

to the original HSI cubes to extract the spectra of each chocolate type, from which the 345 

mean spectral signatures and standard normal variate preprocessed ones were 346 

calculated 43. The VNIR data (FX10) shown in Figure 5 indicate that, for both the unbaked 347 

and baked versions, the 80% cocoa droplets have a slightly higher reƲectance than the 348 

54% cocoa droplets between 650 and 900 nm. The spectral signatures obtained with the 349 

SWIR camera (FX17) are presented in the right part of Figure 5. In the SWIR range, the 80% 350 

cocoa droplets also show higher reƲectance up to 1250 nm. Overall, the spectra show 351 

expected absorption dips associated with C-H bonds present in lipids and O-H bonds in 352 

sucrose around 900 nm, 1200 nm, and 1400 nm,  consistent with earlier work 15,44. 353 
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 354 

Figure 5. Mean spectral signatures after standard normal variate preprocessing of the two 355 

cocoa chocolate droplets (54% and 80%) in the unbaked and baked states, obtained in 356 

the VNIR (FX10) and SWIR (FX17) spectral ranges. The shaded region around each mean 357 

spectrum represents ± 1 standard deviation calculated over the pixels. ‘n’ indicates the 358 

number of pixels over which the mean and standard deviation was calculated. 359 

A second spectral analysis was conducted on the mean spectra of the four cookie 360 

classes, considering both unbaked and baked samples. Figure 6 demonstrates that the 361 

classes cannot be reliably discriminated based solely on their spectral signatures, either 362 

in the VNIR (FX10) or SWIR (FX17) ranges. This result is not unexpected, since averaging 363 

the spectra removes spatial information related to the positioning and distribution of the 364 

two chocolate droplet types 45. Consequently, the spatial arrangement of the droplets 365 

must be taken into account to achieve accurate classiƱcation. 366 

 367 
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 368 

Figure 6. Mean spectral signatures after standard normal variate preprocessing of the four 369 

cookie classes in the unbaked and baked states, obtained in the VNIR (FX10) and SWIR 370 

(FX17) spectral ranges. The shaded region around each mean spectrum represents ± 1 371 

standard deviation calculated over the number of cookies per class. 372 

ClassiƱcation Baseline 373 

The experiments presented in this section are intended to illustrate the diƯiculty of 374 

classifying the data using either purely spectral or purely image-based (spatial) 375 

classiƱers.  376 

Spectral classiƱers 377 

Seven spectral classiƱers were trained and evaluated using image-level mean spectra 378 

obtained by averaging the spectral information across all spatial pixels. The models were 379 

trained using either the full hyperspectral data or the mean scores on the Ʊrst three 380 

principal components (PCs). The results presented in Table 2 for the unbaked and baked 381 

samples indicate that the classiƱers were unable to reliably distinguish between the four 382 

predeƱned classes. On the VNIR (FX10) data, all models for the unbaked samples 383 

achieved accuracies between 20% and 30%, corresponding to performance at or only 384 

slightly above random guessing (25%), regardless of whether the full spectra or the three 385 

PCs were used. On the SWIR (FX17) data, accuracies for the unbaked samples were 386 

consistently higher (31-46%), in line with the stronger chemical contrast between the two 387 

drop types in this spectral range (Figure 5). For the baked samples, the models achieved 388 
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accuracies between 28% and 43% on the VNIR data, and between 32% and 53% on the 389 

SWIR data. Overall, the performance on the baked samples was slightly higher than on 390 

the unbaked samples. Since these approaches rely solely on spectral information and do 391 

not exploit spatial context, the limited performance is, however, not unexpected. The 392 

accuracy slightly above chance level may be explained by diƯerences in the overall 393 

spectral characteristics of the classes. For example, Classes 1 and 2 diƯer only in the 394 

placement of the 80% and 54% cocoa droplets within the circular pattern. This can result 395 

in diƯerent surface coverage and numbers of droplets for each chocolate type, possibly 396 

introducing subtle spectral diƯerences that provide limited discriminative information. 397 

Reducing the spectra to their Ʊrst three PCs did not lead to a systematic improvement of 398 

the best performing models, suggesting that the subtle class-related spectral diƯerences 399 

are not captured fully by the directions of largest spectral variance. Overall, none of the 400 

classiƱers were able to reliably distinguish the classes. 401 

 402 

 403 
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Table 2. ClassiƱcation accuracy (%) on the test set for the diƯerent spectral classiƱers using the Ʊrst three principal components (PC) or 404 

the full HSI data as input. Values are mean ± standard deviation over the twelve splits. GNB, Gaussian Naïve Bayes; kNN, k-Nearest 405 

Neighbors; LDA, Linear Discriminant Analysis; LR, Logistic Regression; PLS-DA, Partial Least Squares Discriminant Analysis; RF, Random 406 

Forest; SVM, Support Vector Machine. 407 

 VNIR SWIR 

 Unbaked Baked Unbaked Baked 

 PC HSI PC HSI PC HSI PC HSI 
GNB 29.4±6.1 24.6±7.0 30.9±7.0 28.3±7.4 36.9±7.3 35.0±5.2 36.7±14.2 31.9±7.9 

kNN 27.1±6.4 21.2±9.6 36.7±11.6 28.5±5.1 34.2±7.3 32.9±8.4 39.7±13.1 35.4±7.6 

LDA 23.1±5.7 29.6±7.9 27.8±7.3 31.6±10.0 35.0±6.7 46.0±14.2 45.0±8.9 53.0±13.5 
LR 20.6±4.1 30.0±7.9 26.6±5.3 30.0±7.3 32.5±6.0 43.3±9.8 34.3±9.8 45.8±13.2 

PLS-DA 22.3±4.6 30.4±6.1 29.1±6.3 42.7±12.5 34.6±5.2 40.6±12.3 41.9±10.4 52.7±9.5 

RF 26.5±4.3 24.8±6.3 36.1±8.1 31.9±8.0 30.8±6.9 34.4±6.8 39.1±12.9 34.3±8.2 

SVM 26.0±5.7 25.6±6.2 32.5±9.9 30.0±10.6 35.4±8.4 40.4±8.8 45.5±11.3 39.8±7.2 

 408 

 409 
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Image-based classiƱers 410 

Six image-based classiƱers (CNNs) were trained and evaluated on the unbaked and 411 

baked cookies. To match the spectral dimensions for the HSI data and the three-channel 412 

input expected by standard CNN architectures, four approaches were explored: pseudo-413 

RGB representations for the VNIR data, composites generated from the Ʊrst three 414 

principal components, dimensionality reduction, and the addition of an extra 415 

convolutional layer. The results presented in Table 3 indicate that the classiƱers were 416 

unable to reliably distinguish between the four predeƱned classes. The high standard 417 

deviations in classiƱcation accuracy across the twelve folds further suggest inconsistent 418 

model convergence. This was evident from the unstable training and validation loss 419 

curves, which failed to reach a clear plateau. Together, these Ʊndings indicate that the 420 

models struggled with the classiƱcation task and that spatial information alone was 421 

insuƯicient to reliably discriminate between classes. Overall, models trained on SWIR 422 

data slightly outperformed those trained on VNIR data, with the three-channel principal 423 

component representation of the SWIR data achieving the highest overall performance 424 

of 43.8% on the unbaked cookies. While the spectral classiƱers performed slightly better 425 

on the baked samples, the image-based classiƱers in Table 3 did not noticeably perform 426 

better for the baked than for the unbaked samples. 427 

 428 
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Table 3. ClassiƱcation accuracy (%) obtained with diƯerent CNNs on the VNIR (FX10) and SWIR (FX17) test sets using four approaches for 429 

converting the hyperspectral input into a three-channel representation: pseudo-RGB (P-RGB) (only for VNIR data), composite from the 430 

Ʊrst three principal components (PC), input dimensionality reduction (DR), and an additional convolutional layer (Conv). Values are 431 

reported as mean ± standard deviation. EƯNet, EƯicientNet-V2; MobNet, MobileNet-V3; S, small; M, medium; L, large. 432 

 VNIR SWIR 

 Unbaked Baked Unbaked Baked 

 P-RGB PC DR Conv P-RGB PC DR Conv PC DR Conv PC DR Conv 

ResNet18 24.6±7.7 25.0±4.9 24.6±5.8 26.7±4.2 37.8±11.1 33.6±6.7 36.1±7.7 29.0±7.4 43.8±9.1 28.1±6.7 35.8±13.0 41.1±11.5 36.1±9.3 41.9±13.9 

ResNet50 25.4±5.6 28.3±6.7 30.6±7.4 25.6±3.7 32.7±7.0 32.7±8.2 38.9±5.5 24.7±6.3 31.2±5.3 31.0±5.1 36.7±9.0 36.8±9.9 36.4±9.1 43.1±13.5 

EƯNet-S 29.8±9.9 34.4±6.8 29.2±6.1 23.3±4.7 26.3±9.7 28.4±8.0 28.7±7.3 24.4±4.8 37.1±9.3 26.0±7.6 24.2±7.3 28.4±7.2 31.1±9.0 27.0±8.3 

EƯNet-M 24.6±5.5 26.9±6.2 27.3±5.1 29.2±3.7 26.2±8.5 28.9±5.5 27.8±4.8 27.3±6.8 30.2±6.9 25.2±8.1 28.8±8.5 31.4±10.5 32.0±8.5 25.6±9.9 

MobNet-S 28.1±4.3 24.0±7.9 26.7±5.5 25.6±2.4 35.9±8.0 31.2±8.3 32.3±9.7 27.7±4.7 35.2±8.9 27.7±4.7 24.8±2.9 34.9±15.9 28.2±6.9 27.2±7.5 

MobNet-L 28.3±4.7 24.4±4.5 24.0±1.7 24.2±3.3 32.4±9.5 32.8±8.4 35.6±7.0 23.5±4.1 31.0±6.5 25.8±5.5 24.2±2.7 36.4±14.1 32.7±6.3 24.4±3.5 

 433 

 434 

 435 

 436 
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In summary, none of the evaluated classiƱers achieved satisfactory and consistent 437 

classiƱcation performance. While SWIR data yielded slightly better results than VNIR 438 

data, performance remained well below the level required for reliable discrimination 439 

between classes. Overall, these Ʊndings highlight the need for more advanced 440 

approaches that can jointly exploit spectral and spatial information to address the 441 

complexity of the classiƱcation task. As such, the dataset provides a valuable 442 

benchmark for the development of spatial-spectral ML models. 443 

Usage Notes 444 

The HyperCookies dataset was designed as a hyperspectral benchmark dataset, 445 

encouraging future ML models to rely on both spatial and spectral information for 446 

classiƱcation. It contains cookies with visually similar 54% and 80% cocoa droplets 447 

arranged in diƯerent patterns and presented in both unbaked and baked states. This 448 

requires models to jointly identify chocolate droplet composition and spatial 449 

arrangement of the droplets. The dataset is intended primarily for benchmarking robust 450 

spatial-spectral classiƱcation, sensor-speciƱc modelling, domain-shift handling, and 451 

generalization under realistic physical variability.  452 

The SWIR subset (900–1700 nm) provides stronger chemical discrimination through 453 

absorption features associated with cocoa butter and sucrose, as demonstrated in 454 

Figure 5. It is particularly suitable for studying spatial feature extraction after spectral 455 

separation. In contrast, the VNIR subset (400–1000 nm) exhibits weaker spectral contrast 456 

and greater sensitivity to illumination drift, making it well suited for evaluating drift-457 

resistant preprocessing and classiƱcation methods. Therefore, results obtained from 458 

VNIR and SWIR data should be reported separately, with the sensor, preprocessing, 459 

partitioning strategy, and handling of batch eƯects clearly documented. In addition, 460 

researchers may evaluate the added value of multimodal spectral fusion by comparing 461 

models trained on VNIR data, SWIR data, and their combination. 462 

Dataset variability was deliberately introduced through the random manual placement of 463 

chocolate droplets and the use of two independent measurement days. To support a fair 464 

and robust evaluation, the dataset is provided with twelve predeƱned train-validation-465 

test splits (CSV Ʊles), stratiƱed by class to ensure a balanced distribution of samples 466 
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across the training, validation, and test sets. Users are encouraged to evaluate models 467 

across all predeƱned splits and report the mean and standard deviation of the selected 468 

metrics. This reduces the inƲuence of any individual data partition and enables 469 

consistent comparison between models and analysis methods.  470 

Data Availability 471 

The HyperCookies dataset is publicly available at 472 

https://rdr.kuleuven.be/previewurl.xhtml?token=c0e19bcc-1b11-4cef-9f9f-473 

a3d9adb90c8c (temporary link will become public upon paper acceptance). The dataset 474 

is released under a Creative Commons Attribution NoDerivatives 4.0 International (CC-475 

BY-ND-4.0) license. 476 

Code Availability 477 

The supplementary code is publicly available at 478 

https://gitlab.kuleuven.be/u0168957/HyperCookies. The results in the paper can be 479 

reproduced by running scripts/benchmark_non_deep.sh and 480 

scripts/benchmark_deep.sh, after updating the root folder location in each script. The 481 

Figures can be reproduced by running process_results/plotting/create_Ʊgures.ipynb. 482 
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