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Abstract12

Computer vision and AI are now widely used for automated insect classification, but13

their potential for estimating other traits, such as biomass, is not yet fully explored. Insect14

biomass is a key measure of ecosystem function, informing ecosystem services, food webs, and15

environmental change. It is also used to track population trends and estimate the contribution16

of insects to ecosystem carbon. Currently, wet bulk biomass is used as a standard measure for17

insect monitoring because it is fast and practical. However, bulk biomass conflates individual18

contributions, obscuring biologically meaningful variation. Obtaining individual-level biomass19

is challenging as each specimen must be dried and weighed, making large-scale measurements20

practically intractable. Here, we propose EntoScan, an open-source, low-cost and standardized21

imaging system based on a modified flatbed scanner and Biomass Estimation in Entomology22

(BEEomass), a novel computer vision model that estimates dry biomass of terrestrial arthropods23

from images alone. BEEomass uses a physically motivated, scale-invariant representation of24

body size and mass that allows it to generalize across taxa differing widely in morphology. We25

show that this image-based approach provides accurate dry biomass estimates (R 2 >0.95) while26

considerably reducing both the manual effort and specimen destruction compared to direct27

weighing. We then illustrate the practical utility of EntoScan and BEEomass through two28

proof-of-concept case studies: tracking temperature-induced size variation in laboratory-reared29

Drosophila and monitoring seasonal biomass dynamics in wild-caught Pachygnatha degeeri.30

Because they are affordable, scalable, and easy to use, our two methods have the potential31

to serve as standardized tools for monitoring insect biomass at scale, and ultimately improve32

our ability to quantify and predict ecosystem functions and services, supporting more effective33
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conservation and agricultural management.34

1 Introduction35

The collection and identification of large numbers of insects is becoming more automated, for36

example through the use of image-based classification systems, automated traps, and machine37

learning approaches (Ferro and Summerlin [2019], Karlsson et al. [2020], Geissmann et al. [2022],38

Gharaee et al. [2024], Sittinger et al. [2024]). But quantifying other variables at scale, such as39

traits, remains challenging, as obtaining measurements from individual specimens still relies on40

manual, time-consuming methods. One such trait is biomass, which is often used to provide41

insights into ecosystem processes. For example, it has been used to study pollination (Kendall et al.42

[2019],Vereecken et al. [2021]), decomposition, food web interactions (Yang and Gratton [2014]),43

and changes over time and across environmental gradients (Hallmann et al. [2017], Uhler et al.44

[2021]).45

Obtaining biomass measurements for individual insects is difficult due to their small size46

and fragile nature. While bulk measurements allow large numbers of samples to be processed47

efficiently (Hallmann et al. [2017]), many ecological, evolutionary, and applied questions require48

trait information at the level of the individual organism, including variation within and between49

species and across environmental gradients (Karan et al. [1998]), Lister and Garcia [2018]). However,50

measuring biomass at the level of individual organisms typically requires drying and weighing each51

specimen, which is time-consuming and limits scalability. This provides an opportunity to develop52

automated methods to estimate individual biomass and other morphological traits while improving53

throughput. Recent studies have started to explore the potential of estimating biomass from images54

of individual organisms. For example, Impiö et al. [2026] estimate biomass by fitting linear models55

using area and sinking speed of specimens in liquid as predictors, Shirali et al. [2025] estimate56

morphological traits such as length or area that can be used as proxies for biomass, Schneider et al.57

[2022] estimate biomass from images of bulk samples using calibration samples with known weights58

and corresponding pixel counts, and Ärje et al. [2020] estimate biomass by fitting statistical models59

relating specimen area to measured dry weight. These approaches vary in their strategies, the taxa60

they target, and the imaging platforms they rely on, which differ in accessibility and reproducibility61

across laboratories. Together, these differences point to the need for a generalized and reproducible62

approach to biomass estimation.63

Standardized image acquisition, combined with computer vision methods, has been widely64

used for insect classification (Geissmann et al. [2022], Wührl et al. [2023] Gharaee et al. [2024],65

Sittinger et al. [2024]). At the same time, images contain information on morphological traits such66

as size, which can be related to biomass (Shirali et al. [2025]), and incorporating such information67

into classification models has been shown to improve classification performance (Baghooee and68
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Geissmann [2026c]). This suggests that image-based methods could be used not only for classification69

but also for estimating quantitative traits.70

Different imaging strategies have been used for insect samples. Systems designed for individual71

specimens can produce high-quality images under controlled conditions, as demonstrated by systems72

such as Biodiscover (Ärje et al. [2020]) and Entomoscope (Wührl et al. [2023]). However, these73

systems are often complex and may be difficult to implement in standard laboratory workflows. In74

contrast, bulk imaging approaches allow many specimens to be processed at once (Schneider et al.75

[2022]), but they may require considerable manual effort, which can limit their scalability.76

Flatbed scanners provide an alternative that combines relatively low cost with consistent image77

quality. They produce high-resolution images with controlled lighting and fixed scale, which78

supports the standardization of color and size measurements (Schubert [2000], Mendez et al. [2018],79

Borlinghaus et al. [2024], Keasar et al. [2024], Schädel and Schubert [2024] Ong et al. [2025],80

Mavrianos et al. [2026]). Such systems have been successfully applied in contexts like herbarium81

digitization (Kovtonyuk et al. [2019]); however, standard scanners are not specifically designed82

for biological applications. Limitations include challenges related to focus, as specimens placed83

in containers above the scanner surface can fall outside the focal plane and appear out of focus,84

interfaces that are not adapted to experimental workflows, and limited flexibility for assigning85

metadata or organizing data in structured formats.86

Here we present two related original contributions: (a) EntoScan, a standardized imaging system87

based on a modified flatbed scanner. The system is designed to be simple to use and compatible88

with typical laboratory workflows, and is provided as an open-source, well-documented solution to89

facilitate adoption by the broader research community (https://github.com/darsa-group/EntoScan).90

(b) Biomass Estimation in Entomology (BEEomass), a computer vision model for estimating dry91

biomass of arthropods from images (https://github.com/darsa-group/BEEomass). By combining92

the EntoScan with BEEomass, we show that, in addition to taking high-quality images, individual93

insect biomass can be reliably estimated directly from images using a novel formulation for biomass94

estimation. This approach enables the analysis of size and biomass across large numbers of95

specimens, supporting the study of variation within species and across environmental conditions.96

More broadly, it provides a scalable and practical alternative to traditional biomass measurements,97

extending the use of image-based methods beyond classification to the estimation of quantitative98

traits of biological importance, including fitness components. In addition, we provide an openly99

available dataset of paired images and dry biomass measurements, supporting further development100

of image-based biomass estimation methods (https://zenodo.org/records/20543262).101
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2 Methods102

2.1 EntoScan103

EntoScan is an open-source hardware-software platform designed for high-throughput imaging104

of arthropods, available at https://github.com/darsa-group/EntoScan. The system combines a105

modified flatbed scanner (Fig. 1a) with custom acquisition software and structured data storage106

(Fig. 1b; see also S1 for an operation video of the setup). The scanner provides a controlled107

imaging environment with uniform illumination and fixed geometry, which enables the reproducible108

acquisition of large numbers of specimens and ensures that specimen size and scale remain consistent109

across acquisitions. Our software allows the user to define acquisition regions, control resolution,110

and associate images with metadata through barcode-based identification, with all outputs stored111

in a structured format for downstream analysis.112

2.1.1 Hardware113

An Epson Perfection V850 Pro flatbed scanner (CCD-based) was selected and modified in this114

study (Fig. 1a). When imaged within containers, specimens are positioned above the focal plane of115

the scanner, resulting in reduced focus and image sharpness. To address this, the original glass116

platen was removed and replaced with a custom aluminum plate (250 × 378 × 3 mm) containing a117

central cut-out (178 × 230 mm) for holding a thinner (1 mm) glass. This design lowers the position118

of the container relative to the scanner optics and places the specimens closer to the focal plane.119

The aluminum plate was fixed in place using double-sided adhesive, and a white calibration strip120

was attached to its upper edge to preserve the scanner’s exposure reference. To minimize movement121

during scanning, particularly when specimens were imaged in liquid, the scanner was placed on a122

concrete block with foam support to reduce vibrations and prevent color distortion in the images.123

A comparison between images acquired before and after modification is shown in Fig. 1c. This124

shows the modified setup improves image quality, with features such as tarsal claws, hairs, and legs125

appearing more clearly and sharply (see arrows). Further details of the scanner modification are126

available in the mentioned GitHub repository documentation. A step-by-step description of the127

modification is provided in the online documentation (https://github.com/darsa-group/EntoScan).128
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Figure 1: (a) Hardware: The scanner after modification (EntoScan). It is mounted on a stable
base to minimize vibrations during scanning. (b) Software: Overview of the EntoScan software
interface, showing the configuration of scan parameters and a preview of acquisition regions. (c)
Comparison of the resulting image quality before (i) and after (ii) modification: Lowering
the specimen plane improves focus, resulting in sharper images and increased visibility of fine
morphological details (e.g., tarsal claws, hairs, and legs; see arrows). The shown regions represent
only a small fraction of the full scan area

2.1.2 Software129

Commercial scanner software is designed for general-purpose imaging and provides limited control130

over acquisition workflows. To use a scanner for biological studies, imaging requires the ability to131

define multiple regions within a single scan, control acquisition resolution, and associate images132

with external metadata. To support these requirements, we developed custom software as part of133

this study to control image acquisition and data handling (Fig. 1b), all orchestrated through a134

user-centric visual interface.135

The scanner control service was implemented using a FastAPI backend, and it manages com-136

munication with the scanner hardware, executes scan commands, and generates previews of the137

acquisition layout. The user interface was developed in R Shiny, allowing users to configure scan138
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parameters through a structured configuration file, including the definition of regions of interest,139

acquisition resolution, and file format. The software is packaged as a Docker-based application,140

making it straightforward to install and deploy across systems. It also includes a database for141

storing and organizing image metadata. Additionally, a preview mode enables visualization of the142

scan layout prior to the acquisition. A demonstration of the imaging workflow, including sample143

preparation and software interaction, is provided in S1.144

2.1.3 Data management145

A custom two-dimensional barcode system was developed to provide unique specimen identifiers146

and enable linkage with associated metadata. Barcode labels were generated using a lightweight,147

open-source web application developed as part of this study (https://darsa.info/EntoScan-labels/)148

although any software capable of producing equivalent barcode formats can be used within the149

workflow. These barcodes are scanned together with the samples to associate each sample with its150

corresponding metadata. Each scan generates image files, thumbnails for rapid visualization, and a151

corresponding metadata file containing barcode-derived metadata, acquisition parameters, device152

information, and a checksum for data integrity. The data are organized hierarchically by acquisition153

time, scanner ID, and region of interest to ensure consistent naming and avoid conflicts across154

datasets, while all metadata are stored in a local database to allow rapid indexing and retrieval of155

images.156

2.2 Dataset Collection157

2.2.1 Arthropod samples158

Specimens were collected using standard entomological bulk sampling methods, including pan159

traps in Denmark (Knudshoved Odde; June-July 2024), and Malaise traps in Sweden (Uppsala;160

April, June, and August 2025). Pan traps are colored bowl traps that attract mainly pollinators161

(e.g., Diptera). Malaise traps are tent-like net structures that guide flying insects into a collecting162

container and are efficient for semi-aquatic insects (Plecoptera, Ephemeroptera, and Trichoptera)163

and non-lepidopteran pollinators (Hymenoptera, Diptera, and Coleoptera) (Montgomery et al.164

[2021]). To include ground-dwelling arthropods, additional specimens, including beetles and spiders165

collected using a vacuum sampling method in Denmark, were also included in the dataset. In166

addition to these field-collected specimens, a subset of laboratory-reared Drosophila specimens167

was included in the dataset. The species were: D. equinoxialis, D. lutescens, D. melanogaster, D.168

simulans, and D. virilis169
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2.2.2 Image acquisition170

To generate a dataset for investigating the potential of using a computer vision-based approach171

for estimating dry biomass of arthropods, specimens were imaged in 24-well plates. Each plate172

was assigned a unique identifier, and each specimen was labeled based on its plate ID and well173

position, ensuring that each specimen had a unique identifier. In all plates, well D6 was reserved174

for a two-dimensional barcode encoding the plate ID, which was used as metadata for the scan.175

To account for variation in specimen pose, each plate was scanned four times. Between successive176

scans, specimens were manually repositioned within their wells, resulting in multiple images of the177

same individual under different orientations.178

2.2.3 Biomass measurement179

Following imaging, specimens were transferred to custom 3D-printed racks matching the layout180

of the well plates. These racks facilitated the transfer of specimens to the drying process while181

preserving their positional identity. Specimens were dried in an oven for 24 hours at 80◦C to obtain182

dry biomass.183

After drying, specimens were weighed individually using analytical balances with a minimum184

readability of 0.001 mg. Specimens imaged in Denmark were weighed using a Sartorius Quintix185

analytical balance, while specimens processed in Sweden were weighed using a Mettler Toledo186

AT261 DeltaRange analytical balance. In total, the dataset consists of approximately 8,400 images187

of 2,100 individual specimens paired with their corresponding dry biomass. The dataset is publicly188

available at https://zenodo.org/records/20543262.189

2.3 BEEomass: the biomass estimation model190

2.3.1 Dataset and image preprocessing191

To evaluate the generalizability of the biomass estimation method on independently acquired data,192

we used 2037 images from the Biodiscover dataset (Ärje et al. [2020], Impiö et al. [2026]). The193

Biodiscover dataset consists of individually imaged arthropod specimens with corresponding dry194

biomass measurements, acquired using the Biodiscover system (Ärje et al. [2020]), a dual-camera195

imaging platform that captures specimens from two angles while they sink through an ethanol-filled196

cuvette.197

Both datasets consist of multiple images per specimen. To prevent data leakage arising from198

these repeated observations, the data were split at the level of individual specimens, ensuring that199

all images of a given specimen were assigned to a single subset. The datasets were divided into 80%200

training, 10% validation, and 10% test sets using a random split stratified by specimen identity.201

Before model training, individual specimens were segmented from the background using FlatBug202
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(Svenning et al. [2026]). The segmented images were resized such that the longest side was 224203

pixels while preserving aspect ratio and padded with a white background to obtain square 224 × 224204

images.205

2.3.2 Area-based regression model206

As a baseline, we implemented an area-based regression model to estimate biomass from the area207

of the segmented specimen. To reflect the expected scaling between body size and mass, we used208

the square root of the segmented area as a proxy for length and the cubic root of dry biomass as209

the response variable (Kühsel et al. [2017]). A linear model was fitted on the training data and210

then applied to the test set to generate predictions.211

2.3.3 Biomass factor-based convolutional neural network (CNN) model212

We aimed to predict insect dry biomass from images while minimizing dependence on absolute size.213

Each segmented image of an individual specimen i is associated with a measured dry biomass Mi214

(in mg), image dimensions (wi, hi) in pixels, and an acquisition resolution DPIi (dots per inch).215

Each segmented image is resized by a factor si such that its longest side equals 224 pixels, and216

then padded with a white background to obtain a square 224 × 224 RGB input while preserving217

the original aspect ratio. Given this resize factor, the physical width of the imaged field of view can218

be expressed as219

Li = 25.4224/si

DPIi
, (1)

where Li is expressed in millimeters and 25.4 is the conversion factor from inches to millimeters.220

Rather than predicting biomass directly, we define a size-normalized “Biomass Factor (BF)”221

BFi = M
1/3
i

Li
, (2)

which has units of mg1/3 mm−1. This quantity can be interpreted as a density-like measure capturing222

deviations from isometric scaling between mass and length (Fig. 2a). The relationship between223

specimens’ length and biomass is shown in Fig. 2b for both datasets, where the cubic root of224

biomass increases approximately linearly with length. The distribution of biomass factor values for225

both datasets is shown in Fig. 2c, illustrating the range of values observed across specimens.226

Under isometric scaling (M ∝ L3), BF is constant: doubling (×21) an organism’s characteristic227

length results in an eightfold (×23)increase in mass (Kühsel et al. [2017]). Consequently, variation228

in BF reflects differences in mass relative to size, capturing morphological “compactness”. In Fig. 2d,229

we show representative images associated with low and high BF values, illustrating how elongated230

insects (e.g. Culicidae) exhibit lower BF than more compact insects (e.g. Coleoptera) of comparable231

size.232
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At inference time, given a predicted biomass factor B̂Fi and the corresponding physical scale233

Li, dry biomass is estimated as234

M̂i =
(

B̂Fi · Li

)3
. (3)

2.3.4 Model training235

Model architecture We used an EfficientNetV2 (Tan and Le [2019]) backbone (variant v2_s)236

initialised with ImageNet pertaining. The final layer was adapted for scalar regression, producing a237

single output BF per image.238

Loss function The model was trained to minimise the mean squared error (MSE) between239

predicted and target biomass factors:240

LMSE = 1
N

N∑
i=1

(
B̂F i − BFi

)2
(4)

Data augmentation and label smoothing During training only (not validation or test), we241

applied random augmentations of two kinds “scale augmentation” and “image augmentation”.242

Scale augmentation To simulate the same insect being imaged at a smaller physical scale. For243

each training sample, a scale factor was drawn as244

s ∼ U(smin, 1), smin = 0.5. (5)

The entire 224 × 224 image was resized by a factor s and pasted, centred, onto a white 224 × 224245

canvas. Because inferred mass scales cubically with linear size, the regression target was adjusted246

accordingly:247

BF′ = BF · s3. (6)

This ensures that the learning task remains physically consistent under the synthetic change of248

scale.249

Image augmentation In addition to the scale-consistent augmentation described above (training250

only), we applied the following photometric and geometric augmentations to improve robustness:251

• Random horizontal flip (p = 0.5),252

• Random rotation by multiples of 90◦ (uniformly sampled from {0, 90, 180, 270}), padding253

exposed regions with white,254

• Colour jitter applied to brightness, contrast, saturation, and hue,255

• Random choice between Gaussian blur (kernel size 3 or 9, σ ∈ [0.1, 4.0]) and sharpness256

adjustment (factor ∈ [0.5, 2.0]).257
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Label smoothing To mitigate overfitting to specific target values and to reflect uncertainty in258

measured biomass, we applied a per-sample multiplicative target jitter during training, used only259

for loss computation. For each sample, a multiplier was drawn as260

m ∼ U(mmin, mmax), mmin = 0.8, mmax = 1.2, (7)

2.3.5 Optimisation and learning rate schedule261

For training we used the AdamW optimiser with a learning rate of 1 × 10−4 and a weight decay of262

1 × 10−5. The model was trained for 500 epochs using mini-batches of 32 samples. The learning263

rate was reduced using a StepLR schedule every 100 epochs by a factor of 0.5.264

2.3.6 Validation and model selection265

The best-performing model was selected as the checkpoint achieving the lowest validation loss266

(mean squared error) on the validation set. The selected model was subsequently evaluated on the267

held-out test set.268

Figure 2: Biomass factor definition. (a) Illustration of the biomass factor (BF) calculation from
dry mass M and body length L. (b) Linear relationship between the cubic root of dry mass M and
body length L for the two datasets. (c) Distribution of biomass factor values for the two datasets.
(d) Representative specimens spanning a range of BF values, showing the variation in body shape
from elongated to compact morphologies. All scale bars represent 1 mm.
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2.3.7 Implementation269

Training the CNN model was implemented in PyTorch (Paszke et al. [2019]) and performed with270

GPU acceleration when available. All statistical analyses, including the area-based regression model,271

bootstrap-based performance evaluation, and ANOVA, were implemented in R (version 4.5.2)272

(R Core Team [2025]). Visualizations were generated using the ggplot2 package (Wickham [2016]).273

The code for training the model is available on our GitHub repository at https://github.com/darsa-274

group/BEEomass275

2.3.8 Model evaluation276

Model performance was evaluated on the test set using mean absolute error (MAE) and coefficient of277

determination (R2). Because multiple images were available for each specimen, we used a bootstrap278

approach (500 iterations) to account for variability. In each iteration, one image per specimen was279

selected and resampled with replacement. Performance metrics were calculated for each iteration,280

and 95% confidence intervals were obtained from the resulting distributions.281

This evaluation process was applied consistently to both the area-based linear regression model282

and the biomass factor-based CNN model.283

2.4 Proof of concept284

To evaluate whether the model can capture biologically meaningful variation in different contexts,285

we applied it to both controlled laboratory data and field-collected ecological samples.286

2.4.1 Estimating biomass of Drosophila populations287

Five Drosophila species were included in this study: D. equinoxialis, D. lutescens, D. melanogaster,288

D. simulans, and D. virilis. All species have been keept at 19◦C at Aalborg University since 2018.289

The populations originate from different labs and stock centers (MacLean et al. [2019]). For normal290

maintenance, flies were kept at census population sizes of ca. 5000 individuals per generation. They291

were maintained at 20◦C and 50% RH at a 12:12 h light/dark cycle and feed a standard Drosphila292

medium composed of dry yeast (60 g L−1), sucrose (40 g L−1), oatmeal (30 g L−1), agar (16 g L−1),293

Nipagin (12 mL L−1) (Nipagin, Sigma-Aldrich, St. Louis, MO, USA), and acetic acid (1.2 mL L−1).294

The flies used in this study were density controlled during development. This was done by collecting295

50 eggs into 10 vials with 7 mL medium per species. Flies producing the eggs were between 5 and296

10 days old. After collecting the eggs, 5 vials per species were exposed to 19◦C, and 5 were exposed297

to 28◦C. They were kept at these temperatures until they emerged as adults. Within 24 hours298

after emerging, flies from all species and temperatures were sexed and thereafter frozen in empty299

Eppendorf tubes. Thereafter, flies were imaged using the EntoScan workflow. The resulting images300

were used as input to the biomass estimation model to obtain predicted dry biomass values, which301
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were then compared across species, sex, and temperature conditions. See Supplementary Table 1302

for the number of individuals scanned per species and temperature treatment.303

Differences in biomass across species, sex, and temperature were assessed using analysis of304

variance (ANOVA). A linear model including all interaction terms was fitted, and a Type III305

ANOVA was performed. Analyses were conducted on log-transformed biomass values to better306

meet the assumptions of normality. Post-hoc pairwise comparisons were conducted using estimated307

marginal means (emmeans) to evaluate differences between temperature conditions within each308

species and sex.309

2.4.2 Estimating biomass of ecological samples of the spider Pachygnatha degeeri310

To assess performance on ecological samples, the model was applied to field-collected specimens311

of Pachygnatha degeeri. Specimens were collected between March 2023 and May 2025 from four312

sites in Central Jutland, Denmark (Fem Høje, Hørhaven, Moesgaard Strand, and Uth). The same313

imaging and analysis workflow as described for the Drosophila case study was applied to obtain314

predicted biomass distributions. In total, 1,913 individuals were imaged for this experiment within315

approximately 2.5 hours using EntoScan.316

3 Results317

3.1 Biomass Estimation Model318

To assess whether the proposed biomass factor (BF)-based CNN model improves biomass estimation,319

we compared it to a standard area-based linear regression model (Fig. 3a). Predictions from the320

linear model showed greater dispersion, whereas the CNN predictions were more tightly clustered321

around the regression line. This improvement was consistent across both datasets. For the EntoScan322

dataset, the CNN achieved a significantly higher R2 (0.95 [0.93, 0.97] vs. 0.75 [0.68, 0.81]) and323

lower MAE (0.08 [0.06, 0.09] vs. 0.20 [0.17, 0.23]) than the linear regression model. A similar324

improvement was observed for the Biodiscover dataset, where the CNN significantly increased R2
325

(0.89 [0.81, 0.94] vs. 0.70 [0.59, 0.80]) and reduced the prediction error (MAE 0.07 [0.05, 0.10] vs.326

0.14 [0.12, 0.17]), showing improved performance across datasets with differing characteristics.327

3.2 Case I: Drosophila328

Having established that the BF-based CNN model provides accurate biomass estimations, we next329

asked whether it captures biologically meaningful variation. To test this, we designed a controlled330

experiment based on a well-established pattern in the literature, where the body size of Drosophila is331

known to vary with developmental temperature (Karan et al. [1998]). After growing five Drosophila332

species at two different temperatures (19◦C and 28◦C) and imaging them with EntoScan, we used333
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the resulting images as input to the BF-based CNN model to estimate biomass (Fig. 3b).334

Changes in temperature significantly reduced body size in four out of five species, in both males335

and females (Fig. 3b). This indicates that the method captures temperature-dependent variation in336

body size. An exception was observed for D. virilis, where no significant temperature effect was337

apparent. Sex also contributed to variation in predicted dry mass, with females generally being338

larger than males. These patterns are reflected in the significance annotations in Fig. 3b, and339

representative images (Fig. 3b) show corresponding differences in body size, with larger individuals340

observed at lower temperatures.341

Together, these results show that the method provides robust and biologically relevant estimates342

of body size across species, sexes, and experimental conditions, while requiring substantially343

less effort than drying and weighing each specimen individually (2,070 individuals scanned in344

approximately 4.5 hours).345

3.3 Case II: Pachygnatha degeeri346

Finally, to evaluate the method under natural conditions, we applied it to field-collected spider347

specimens (Fig. 3c). Predicted dry mass varied across the sampling period, revealing temporal348

structure in body size distributions.349

The species breeds in spring, with juvenile instars developing throughout the summer and350

reaching adulthood in early autumn. The heatmap shows two peaks in abundance: the first (day351

170) corresponds to the emergence of juveniles following hatching from egg sacs, when population352

size is at its maximum, while the second (day 250) reflects the period when individuals have reached353

adulthood later in the season. These individuals do not reproduce in autumn but overwinter and354

breed the following spring, resulting in a lower population size during the reproductive period. This355

pattern is consistent with a univoltine life cycle and is supported by a previous study (Alderweireldt356

and De Keer [1990]).357

Sexual size dimorphism, egg development in females, and the presence of both juvenile and358

adult individuals could contribute to the observed size distributions. Many arthropods undergo359

substantial changes in body size during development, and these patterns may also reflect differences360

in life stages within the sampled populations.361

Overall, this result indicates that the method captures temporal variation in biomass across362

species collected from four different field sites and can support the study of seasonal dynamics in363

arthropod communities.364
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Figure 3: Evaluation and application of the biomass estimation method across datasets
and biological contexts. (a) Comparison between an area-based linear regression model and the
biomass factor (BF)-based CNN model using the Biodiscover and EntoScan datasets. Predicted
dry mass is plotted against ground-truth measurements. The BF-based CNN model shows reduced
dispersion and improved agreement across the full range of values. The table at the top reports
the dataset composition, including the number of images and individuals in each data split. The
table below reports model performance, showing mean absolute error (MAE) and coefficient
of determination (R2) for each model and dataset. (b) Predicted dry mass distributions for
five Drosophila species, separated by sex and growth temperature (19◦C and 28◦C), together
with representative images illustrating morphological and body size differences across sexes and
temperatures. Across species, individuals grown at lower temperature have higher predicted dry
mass, with significance indicated by asterisks (***, p < 0.001; ns, not significant), based on post-hoc
pairwise comparisons using estimated marginal means. pecies, sex, and temperature treatments. (c)
Temporal variation in predicted dry mass for the spider species Pachygnatha degeeri. 2D density
plot from dry mass shows changes in body size over the sampling period, with species-specific
patterns in seasonal variation.

4 Discussion365

Here, we introduce EntoScan, a standardized, open-source hardware and software platform, provided366

as packaged software (https://github.com/darsa-group/EntoScan) for high-throughput imaging367

of arthropods, together with a new, generalized biomass estimation model that combines deep368

learning with a physically motivated representation of the relationship between body size and369

mass (https://github.com/darsa-group/BEEomass). This approach enables rapid, image-based370

estimation of dry biomass for large numbers of specimens (e.g., over 2,000 individuals imaged in371

approximately 4.5 hours), which would be impractical to measure individually using traditional372
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methods. We further contribute a large, openly available dataset of paired images and biomass373

measurements to support future work in this field (https://zenodo.org/records/20543262)374

4.1 EntoScan as a standardized imaging workflow375

We show how a commercially available CCD-based flatbed scanner can be adapted for imaging376

arthropods, and how a custom software workflow can be used to orchestrate data acquisition in377

a structured and reproducible way. By combining simple hardware modifications with dedicated378

acquisition software, EntoScan provides a practical solution for generating large, standardized379

image datasets of terrestrial arthropods, addressing a key bottleneck for adoption in ecological380

laboratories by moving towards an easy-to-use and accessible imaging platform.381

Flatbed scanners have been used in a range of biological applications due to their affordability,382

accessibility, and ability to produce uniformly illuminated, high-resolution images. Early work by383

Schubert [2000] explored their use as stereoscopic imaging devices, and subsequent studies have384

applied scanners to diverse tasks, including fossil imaging (Schädel and Schubert [2024]), insect385

digitization (Ong et al. [2025], De Cesaro Júnior et al. [2022]), and environmental monitoring (Lins386

et al. [2020]). In addition, automated insect monitoring pipelines based on sticky trap imaging have387

also been developed. Keasar et al. [2024] combined scanner-acquired images of sticky cards with388

machine learning for large-scale data collection and analysis. These studies highlight the potential389

of scanners for biological imaging, particularly for capturing multiple specimens simultaneously390

under controlled conditions.391

Despite these initiatives, there is currently no standardized workflow for generating scanner-392

based datasets of terrestrial arthropods. Each study employs its own setup and image acquisition393

protocol, resulting in variations in image quality and format. Practical challenges, such as the need394

to construct custom enclosures to control lighting conditions (Lins et al. [2020]), have also been395

reported. In addition, commercial scanner software is not designed for structured data acquisition,396

making it difficult to define specific scan regions or associate images with metadata.397

EntoScan addresses these limitations by integrating hardware and software into a single workflow.398

With a simple modification of the scanner, specimens can be imaged in petri dishes and well plates399

while maintaining focus by repositioning them closer to the focal plane, thereby addressing the400

limited depth of field of flatbed scanners. The software enables selective region scanning, real-time401

preview, and automatic metadata association through optional barcodes.402

To our knowledge, this represents the first application of such a modification for high-throughput403

imaging of arthropods using a flatbed scanner, making it possible to standardize image acquisition404

across experiments and users. In practice, the system was straightforward to adopt, and users405

were able to learn the workflow within a short training period. Because the platform is based406

on commercially available hardware, the setup can be replicated with minimal variation, further407
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supporting standardization.408

EntoScan is provided as an open-source and documented solution, making it straightforward to409

deploy as an off-the-shelf workflow in different laboratories. While developed for imaging arthropods,410

the system is not limited to insects and can be applied to a range of biological questions involving411

other organisms, such as seeds or small aquatic species (e.g., fish).412

4.2 Dataset generation and scalability413

An important aspect of this work is the effort required to generate the training dataset. Obtaining414

dry biomass measurements involves drying and weighing individual specimens, which is time-415

consuming and limits the scale of traditional approaches. In this study, weighing a rack of 23416

specimens took around 20 minutes. Even without considering the additional 24 hours typically417

required for drying, this process is substantially slower than the image-based approach. Using the418

biomass estimation model, the biomass of hundreds of insects can be estimated within minutes419

with reliable confidence.420

Combining this biomass estimation approach with an imaging system that captures hundreds421

of specimens in a single acquisition makes EntoScan a powerful tool. While other vision-based422

approaches, including microscopy-based imaging systems, platforms such as BIODISCOVER (Ärje423

et al. [2020]), and large-scale specimen imaging initiatives like BIOSCAN (Gharaee et al. [2023]),424

typically image specimens individually, and systems such as the Entomoscope (Wührl et al. [2023]) or425

the method proposed by Schneider et al. [2022] can image larger areas, but they require adjustment426

of the imaging setup and camera distance across experiments. EntoScan instead provides a simpler427

and more consistent solution by maintaining a fixed imaging configuration and scanning a large428

area in a single pass. In addition, with improved segmentation tools such as FlatBug (Svenning429

et al. [2026]), it becomes feasible to scan bulk samples rather than imaging individual specimens.430

Although image quality may differ compared to systems that use specialized lenses or microscopy,431

flatbed scanners can acquire high-resolution images (e.g., up to 6400 dpi, corresponding to roughly432

250 pixels per mm, meaning a 1 mm insect spans about 250 pixels), providing sufficient detail for433

computer vision-based analysis.434

4.3 Biomass estimation as a use case435

Within this framework, we explored biomass estimation as a use case. While computer vision is436

widely used for taxonomic classification (Baghooee and Geissmann [2026c], Grele and Richards437

[2026], Gharaee et al. [2024], Stevens et al. [2024] Li et al. [2021], Valan et al. [2019]) and workflows438

such as EntoScan can facilitate faster image acquisition for such applications, fewer studies have439

focused on estimating functional traits such as biomass. Existing approaches for biomass estimation440

typically rely on statistical relationships between body size (e.g., length or area) (Ärje et al. [2020],441
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Schneider et al. [2022]), or on explicit measurements of morphological features (Shirali et al. [2025]).442

More recently, learning-based methods have also been explored to predict biomass directly from443

images (Impiö et al. [2026]).444

In this study, we extend these approaches by introducing the biomass factor (BF) as a size-445

normalized representation that allows the model to account for differences in morphology. By446

combining this representation with the EntoScan workflow, biomass can be estimated for large447

numbers of specimens in a relatively short time, with high accuracy (R2 = 0.95). Because448

multiple individuals can be imaged simultaneously, the approach scales more efficiently than manual449

measurement and single-specimen imaging approaches. In essence, this approach functions as a450

vision-based alternative to a traditional balance, enabling rapid and scalable estimation of biomass451

from images.452

4.4 Biological applications453

The proof-of-concept analyses demonstrate the potential use of EntoScan to capture biologically454

meaningful variation. In Drosophila, the method captures expected differences in body size across455

species, temperature and sex. Because large numbers of individuals can be imaged and analyzed, it456

becomes feasible to quantify variation within populations at a much finer scale. This goes beyond457

comparing mean values and enables the study of within-population variation, such as changes458

in variance which can itself be a biologically relevant trait (Morgante et al. [2015], Ayroles et al.459

[2015]). In addition, the same image data also contains information that could be used for training460

classification models to predict species, sex, or developmental conditions.461

Similarly, in the spider case study, large numbers of field-collected specimens were processed.462

Manually measuring dry biomass for this number of samples would be highly time-consuming.463

EntoScan provided a practical alternative, enabling the analysis of seasonal changes in body size and464

supporting studies of environmentally driven body-size variation in spiders and other arthropods465

(e.g., Cabon et al. [2024]). Together, these results suggest that the method can support ecological466

studies that require large sample sizes, including monitoring workflows where both biomass and467

biodiversity are of interest (Iwaszkiewicz-Eggebrecht et al. [2026]).468

4.5 Limitations and future directions469

While the proposed approach provides a scalable solution for estimating biomass from images,470

several limitations should be considered. First, the biomass factor (BF) formulation assumes471

a relatively consistent relationship between size and mass, such that changes in body size are472

predictably associated with changes in biomass. Although this approximation holds across many473

taxa, deviations from isometric scaling or pronounced morphological differences may introduce474

prediction errors. Expanding the training dataset to include a broader range of taxa and body475
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forms would likely improve model robustness.476

Second, the approach relies on accurate segmentation of specimens from the background. While477

recent advances in segmentation methods, such as FlatBug (Svenning et al. [2026]), enable reliable478

extraction of individual specimens even from bulk images, segmentation errors may still propagate479

to downstream predictions, particularly in densely packed or overlapping samples.480

Despite these limitations, the combination of standardized imaging, scalable acquisition, and481

learning-based analysis provide a strong foundation for further development. Future work could482

focus on improving the dataset by including a broader range of taxa and specimens collected using483

diverse trapping methods, extending the approach to additional biological traits, and integrating484

the workflow into automated monitoring systems for large-scale ecological studies.485

4.6 Summary486

Overall, this work shows that combining a standardized and near off-the-shelf imaging platform487

with a physically motivated representation of biomass provides a practical way to scale up biomass488

estimation. The EntoScan system enables the acquisition of high-quality, standardized images489

that can be used not only for established tasks such as taxonomic classification, but also for490

estimating functional traits such as biomass with high predictive performance. This integration of491

standardized imaging and quantitative analysis opens new possibilities for large-scale studies of492

arthropod communities.493
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Table 1: Number of Drosophila individuals per species and temperature treatment.

Species 19◦C 28◦C Total
D. equinoxialis 121 115 236
D. lutescens 271 281 552
D. melanogaster 356 192 548
D. simulans 219 251 470
D. virilis 128 136 262
Total 1095 975 2070
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