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Accurate measurement of insect morphometric traits is essential for functional ecology and biodiversity moni-
toring. Yet traditional manual methods are labor-intensive, invasive, destructive, and difficult to scale within
high-throughput biodiversity pipelines. InsectMorphoAl is an open-source, dual-module framework that auto-
mates specimen-level trait extraction from standard 2D images using deep learning. A hardware-agnostic Ori-
ented Bounding Box (OBB) module provides rotation-invariant linear length estimation across diverse insect
taxa, achieving a mean absolute error of 0.211 mm (=2.3% of mean specimen length) in an independent vali-
dation dataset of bristle flies (Diptera: Tachinidae). A complementary instance segmentation module enables
high-precision, taxon-specific trait extraction by delineating the head, thorax, and abdomen to derive curvilinear
lengths and approximate 3D body volume using stacked frustums. Implemented and validated here using bristle
flies as a proof-of-concept system, segmentation-derived volume explained more variation in body-only biomass
than linear length within the validation dataset (R> = 0.823 for body-only dry weight and R? = 0.880 for wet
weight after leg removal, compared to R? = 0.610-0.627 for length-based estimates). As a non-destructive
approach, the framework preserves specimens for downstream molecular analyses such as DNA barcoding.
The modular architecture provides a practical pathway for extending high-precision volumetric estimation
through the development of taxon-specific models. Distributed via Docker with a graphical interface and
command-line tool, InsectMorphoAl enables reproducible morphometric data acquisition for applications in
functional trait ecology, biomass monitoring, and conservation assessments.

1. Introduction ecological sub-disciplines. In functional trait ecology, body size links to
dispersal ability and metabolic rate (Bosch and Vicens, 2002). In polli-

Accurate measurement of insect traits, such as length, volume, and nation biology, body-size-related traits can contribute to

biomass, is fundamental to understanding ecosystem health, functional
trait ecology, energy flow through food webs (Cardinale et al., 2012;
Loreau et al., 2001), and population responses to environmental shifts
(Lister and Garcia, 2018). These morphometric data underpin several
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plant—pollinator trait matching, pollen transport capacity, activity pat-
terns, and foraging range, although pollination efficiency itself depends
on multiple interacting morphological, behavioral, phenological, and
ecological factors (Bartomeus et al., 2016; Greenleaf et al., 2007;
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Ramalho et al., 1998; Streinzer et al., 2016). In pest management and
behavioral ecology, precise individual-level measurements are essential
for assessing pest dynamics and parasitoid-host interactions (LaBarbera,
1989; Maurey et al., 2025). However, the well-documented global
decline in insect populations (Hallmann et al., 2017; Sanchez-Bayo and
Wyckhuys, 2019) has highlighted a critical data bottleneck: we
currently lack scalable morphometric tools to rapidly quantify these
community changes. This bottleneck is particularly evident when pro-
cessing the massive sample volumes generated by standardized contin-
uous collection methods, such as Malaise traps (Karlsson et al., 2020),
which often yield thousands of specimens representing hyperdiverse and
taxonomically poorly understood groups (Hartop et al., 2022).

Traditional morphometric methodologies, which typically involve
direct weighing after oven-drying or manual measurement under a mi-
croscope, are precise but inherently invasive, destructive, labor-
intensive, and subject to inter-observer variability inherent to manual
morphometric protocols (Rogers et al., 1977; Sample et al., 1993).
Crucially, destructive methods preclude subsequent molecular analyses
such as DNA barcoding, which are increasingly central to modern
“reverse workflow” biodiversity assessments in which specimens are
barcoded first and morphologically analyzed later (Hartop et al., 2024;
Srivathsan et al., 2021; Yeo et al., 2021). The broader field is rapidly
converging toward integrated pipelines that combine robotics, high-
resolution imaging, high-throughput sequencing, and machine
learning to address large-scale insect analysis at scale (Meier et al., 2024;
Wagele et al.,, 2022), encompassing automated specimen handling
(Wiihrl et al., 2022), size-sorting (Ascenzi et al., 2025), high-resolution
digitization (Hereld et al., 2017; Klug et al., 2024), and Al-driven
taxonomic classification (Caruso et al., 2026; Knyshov et al., 2021;
Shirali et al., 2024; Van Dam and Starhova Serbina, 2025). Within this
vision, automated insect morphometrics presents unique computational
challenges: the complex 3D articulations of insect bodies create severe
occlusions in 2D images, undermining conventional contour-based
measurement approaches and motivating the use of deep learning for
robust body-part delineation (Shirali et al., 2026¢).

Several pioneering systems have attempted to address these chal-
lenges, but notable methodological gaps remain. For example, tools that
rely on 2D geometric image features as a biomass proxy, such as BIO-
DISCOVER (Arje et al.,, 2020), are often limited by inconsistent re-
lationships between features and weight across morphologically diverse
groups. Conversely, systems like DiversityScanner (Wiihrl et al., 2022)
successfully approximate 3D volumes but require manual adjustments
for complex morphologies and rely on robotic hardware, restricting
their deployment to well-funded, specialized facilities. Other deep
learning approaches, such as those by Schneider et al. (2022), focus on
aggregate biomass estimation across bulk samples rather than on
extracting precise morphometric measurements from individual speci-
mens. Consequently, the field lacks a hardware-agnostic, non-destruc-
tive computational framework capable of extracting specimen-level
volumetric and biomass data in a form accessible to standard entomo-
logical workflows. A central but often implicit limitation of existing
approaches is a trade-off between generalizability and morphometric
precision: methods applicable across taxonomically diverse insect as-
semblages typically rely on simplified geometric proxies, whereas ap-
proaches capable of extracting biologically meaningful traits at high
precision require taxon-specific modeling and validation.

To address this limitation, we introduce InsectMorphoAlI, an open-
source dual-module deep learning framework, designed to reconcile
generalizability and morphometric precision within a unified pipeline.
Rather than relying on a single universal model, the framework explic-
itly separates a broadly applicable length estimation module from a
taxon-specific segmentation-based module for high-precision trait
extraction. Both insect length and volume are established non-
destructive proxies for biomass, based on well-known allometric re-
lationships (Ganihar, 1997; Rogers et al., 1977; Sample et al., 1993;
Smock, 1980). The first module provides rapid, orientation-aware linear
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length estimation using an Oriented Bounding Box (OBB) model, trained
across multiple insect orders. The second module provides highly
granular trait extraction via instance segmentation, delineating specific
body parts to extract curvilinear splines and geometrically approximate
3D volume via stacked frustums, which we then correlate with empirical
body-only dry weights to validate biomass predictions. Because high-
precision segmentation depends on taxon-specific morphology, this
module is implemented and validated in a taxon-specific context using a
hyperdiverse and abundant family of true flies (Diptera: Tachinidae) as a
proof-of-concept system. This choice reflects a deliberate design strat-
egy, allowing evaluation of geometry-based volume reconstruction
under controlled morphological conditions. Given that rank-abundance
distributions in insect communities are typically dominated by a limited
number of families (Srivathsan et al., 2023), a possible future scaling
strategy is to develop and validate separate segmentation models for the
most frequent families.

By integrating a broadly applicable OBB-based length-estimation
component with a taxon-specific segmentation component within a
single framework, InsectMorphoAl provides a scalable and non-
destructive approach to specimen-level morphometrics.

2. Materials and methods
2.1. Computational framework and implementation

To operationalize the two proposed deep learning modules as a
reproducible, accessible tool, we implemented them within a unified
computational framework (InsectMorphoAl), written in Python 3.11,
utilizing PyTorch as the primary deep learning framework and OpenCV
for morphological post-processing. To ensure cross-platform reproduc-
ibility and eliminate complex dependency management, the software is
containerized and deployed via Docker, meaning that the application
and all required software dependencies are bundled into a standardized
environment that can be run consistently across operating systems. For
users who prefer not to use Docker, the repository also provides in-
structions for manual installation in a native Python environment. The
user interacts with the system through a web-based Graphical User
Interface (GUI) built with the Streamlit framework (Streamlit Inc., n.d.).

To accommodate high-throughput requirements, the software sup-
ports both single-image analysis and automated batch processing of
entire directories. Furthermore, the architecture processes one specimen
per image and exports all measurements into a consolidated, analysis-
ready CSV file. For practical use, inference can be performed on stan-
dard CPU-based computers, although the runtime depends on image
resolution, batch size, and the selected analysis module. GPU accelera-
tion is not required for running the software, but is recommended for
large batches, especially for the segmentation-based detailed analysis
module. Training or fine-tuning additional models is more computa-
tionally demanding and is best performed on CUDA-compatible GPUs.

A prerequisite for accurate absolute measurements is spatial cali-
bration, which applies uniformly to both analysis modules. InsectMor-
phoAl converts pixel-based predictions into physical units (millimeters)

using a user-defined scaling factor K. The parameter k is calculated via a
reference object of known dimensions (e.g., a micrometer slide) imaged
under the same optical conditions, formulated as (Eq. 2.1):

Object Size inmm

k===
Object Size inpx

2.1

To correct for potential pixel-resolution anisotropy, which can arise
in camera and lens systems where horizontal and vertical pixel densities
differ, the calibration factor should be computed by imaging the refer-
ence object in both orientations and averaging the resulting values. The
predefined Entomoscope profiles (Wiihrl et al., 2024) bundled with
InsectMorphoAl already incorporate this correction. The GUI (Fig. 1)
includes a predefined list of camera and telecentric lens profiles
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Easily measure insect length, volume, and biomass using state-of-the-art Al models. Streamline your entomological research with rapid, accurate, and reproducible results.
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Fig. 1. Overview of the InsectMorphoAl graphical user interface (GUI). (a) Full GUI layout, illustrated with the OBB-based rapid length-estimation module. (b)
Enlarged sidebar components showing image upload, analysis controls, model/settings selection, and download/export options. The segmentation-based detailed

analysis module is available through the same GUI and is shown in Fig. 3.

(calibrated for the Entomoscope system) and provides a “Custom Setup”
configuration that allows users to input scaling factors for any standard
stereomicroscope or camera setup. For non-Entomoscope setups, cali-
bration should be performed separately for each optical configuration
using a reference object imaged under the same conditions as the
specimens; calibration factors should not be transferred between setups
or sessions unless the two configurations have been independently
verified to produce equivalent scaling values. The software is released
under the MIT License and is available on GitLab (Shirali et al., 2026b),
together with all associated datasets on Zenodo (Shirali and Ascenzi,
2026). The analytical core of the framework consists of two indepen-
dent modules: a generalized length estimation module based on OBB,
described in Section 2.3, and a taxon-specific segmentation-based
volumetric module, described in Section 2.4.

2.2. Image acquisition and dataset preparation

To train and validate the computational modules, high-resolution
images of ethanol-preserved insects, capturing diverse views and ori-
entations, were acquired using the Entomoscope setup (Wiihrl et al.,
2024) and focus-stacked using Helicon Focus (Helicon Soft Ltd.,
2025). Because specimens varied in body size, images were acquired
using different Entomoscope camera-lens configurations; therefore,

morphometric scaling was standardized using setup-specific pixel-to-
millimeter calibration factors rather than a single conventional magni-
fication value. To prevent data leakage, both datasets were partitioned
by distinct specimen IDs: the segmentation dataset using a 70:15:15
(train:validation:test) split, and the OBB dataset using an 85:15 (train:
validation) split, with OBB accuracy evaluated externally against
manual photomicroscopy measurements. The present datasets, there-
fore, represent standardized single-specimen imaging workflows rather
than unconstrained bulk-sample imaging scenarios. Images were ac-
quired under controlled Entomoscope lighting and background condi-
tions, and the current models should not be assumed to generalize to
field-taken images, cluttered backgrounds, or uncontrolled illumina-
tion without additional validation or fine-tuning. To address severe
occlusions caused by insect appendages in 2D, we implemented a two-
stage annotation strategy.

2.2.1. Initial baseline for general length

For the generalized OBB dataset, 815 images spanning multiple in-
sect orders, including Diptera, Hymenoptera, and Coleoptera, were an-
notated, representing 804 unique specimens. Bounding boxes were
drawn to encapsulate the main body (head, thorax, abdomen) while
deliberately excluding non-essential appendages (wings, legs, antennae)
to isolate the core elements critical for length measurement. A 10%
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spatial padding was automatically applied to images where specimens
bordered the image edge to ensure robust bounding box placement.

2.2.2. Refined segmentation strategy

For the taxon-specific segmentation module, we established a high-
quality dataset of 1320 images using bristle flies (Diptera: Tachinidae)
as a model taxon, representing 702 unique specimens across 105 species.
Most specimens contribute one or two images corresponding to different
orientations, ensuring that biological variability across individuals
drives model generalization. Tachinidae was selected because it pro-
vides a useful proof-of-concept taxon for segmentation-based volumetric
reconstruction: specimens were available in sufficient numbers, the
family has a broadly cylindrical body plan suitable for testing the
stacked-frustum approximation, and it still includes substantial varia-
tion in body size, posture, and external morphology. Moreover, Tachi-
nidae is among the largest families of Diptera, with approximately 9000
described species (O'Hara and Henderson, 2022) and substantially
higher estimated true diversity, making it a biologically meaningful test
system rather than an idiosyncratic model group (Stireman III et al.,
2021). Thus, Tachinidae represents an intermediate-complexity test
case: morphologically tractable enough for geometric validation, but
diverse enough to evaluate whether the pipeline can handle realistic
variation within a major dipteran group. We first annotated 820 images
using Grounding DINO (Liu et al., 2023) and the Segment Anything
Model (SAM) (Kirillov et al., 2023). We then utilized this initial model to
generate pseudo-labels for an additional 500 images. An expert anno-
tator manually refined these pseudo-labels using LabelMe (Wada, 2018),
explicitly inferring and correcting the outlines of core body parts (head,
thorax, abdomen) that were partially obscured by wings or legs. This
iterative pseudo-label refinement significantly improved the model's
robustness against complex poses. Complete specimen details and image
lists are provided in Supplementary Data S1 (OBB dataset) and Data S2
(segmentation dataset).

2.3. Module 1: General length estimation via oriented bounding boxes
(OBB)

The “Rapid Scan” module is designed for rotation-invariant linear
length estimation across morphologically diverse samples. We utilized
the YOLOv8-obb architecture (Jocher et al., 2023), which predicts
rotated bounding boxes that tightly align with the specimen's longitu-
dinal axis.

We performed transfer learning by fine-tuning models pre-trained on
the DOTA (Dataset for Object Detection in Aerial Images) dataset (Xia
et al., 2018) on 815 annotated images. Following a systematic evalua-
tion of five architectural variants (nano through extra-large), the
YOLOv8m-obb (medium) variant was selected for providing the optimal
trade-off between accuracy and computational efficiency, achieving a
best validation mAP@0.5 of 0.995 and mAP@0.5-0.95 of 0.846 during
training. The training convergence for the selected model is provided in
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Fig. Al. All models were trained on the HAICORE HPC cluster at the
Karlsruhe Institute of Technology using NVIDIA A100 GPUs. The model
was trained for 200 epochs using the AdamW optimizer (learning rate =
0.01, batch size = 16) with extensive data augmentations (random ro-
tations, scaling, flipping, mosaic, erasing) to ensure robust orientation
generalization. During inference, the linear length is computed by
extracting the longest pixel dimension of the predicted OBB and multi-
plying it by the scaling factor (Fig. 2). Although the OBB also yields a
width estimate from the minor axis of the bounding box, this value is less
reliable than length due to variability in specimen poses and potential
occlusions, and was therefore not assessed as a primary output in this
study. Representative cross-order predictions are illustrated qualita-
tively in Fig. A3, confirming visually consistent OBB placement across
Diptera, Hymenoptera, and Coleoptera.

2.4. Module 2: High-precision segmentation and volumetric
approximation

The “Detailed Analysis” module provides granular morphometric
extraction. Recognizing that precise volumetric reconstruction depends
on taxon-specific morphology, we engineered this module as an exten-
sible framework, validated here using the Tachinidae dataset.

2.4.1. Instance segmentation

Model selection was based on both segmentation accuracy and
suitability for integration into a deployable morphometric pipeline. On
the initial 820-image dataset, YOLOv8-seg (nano variant) outperformed
Mask R-CNN (He et al., 2017) (ResNet-50-FPN backbone) in segmen-
tation accuracy (mAP@0.5: 0.944 vs. 0.922), confirming YOLOv8-seg as
the preferred architecture. A systematic evaluation of all five YOLOv8-
seg size variants on this dataset further showed that the medium
variant (YOLOv8m-seg) offered the best accuracy-efficiency balance,
achieving mAP@0.5-0.95 of 0.734 compared to 0.686 for the nano
variant (Table A1). To produce the final model on the refined dataset, we
compared two training strategies: fine-tuning from the model already
trained on the initial dataset, versus training directly on the full dataset
from COCO-pretrained weights. Fine-tuning outperformed direct
training, and the resulting production model achieved a segmentation
mAP@0.5 of 0.995 on the held-out test set. Training utilized the Adam
optimizer for 100 epochs (learning rate = 0.01, weight decay = 0.0005).
The final model produces precise, pixel-level masks that independently
classify the head, thorax, and abdomen. Training performance of the
final YOLOv8m-seg model is provided in Fig. A2.

2.4.2. Curvilinear length extraction via spline interpolation

To extract the true curvilinear body length, accounting for natural
curvature in preserved specimens, the module calculates the center of
gravity (CoG) for each predicted segmentation mask (head, thorax,
abdomen). A parametric natural cubic spline, enforcing C? continuity at
the knot points and zero second-derivative boundary conditions at the

Fig. 2. Workflow of the OBB-based rapid length-estimation module. The input image shows an ethanol-preserved insect imaged individually with the Entomoscope
system. Absolute measurements were obtained using setup-specific pixel-to-millimeter calibration factors. Left: input image. Center: predicted oriented bounding box
(OBB). Right: final output showing the derived linear length (red) and width (green) measurements. A 10% padded border was used during training to improve OBB
placement for specimens near the image edge. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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endpoints, is fitted through these three CoG coordinates to model the
body's central axis. The spline curve is then linearly extended to intersect
the anterior boundary of the head mask and the posterior boundary of
the abdomen mask. Total curvilinear length is derived by summing the
arc lengths of these discrete spline segments.

2.4.3. 3D volume approximation via stacked frustums

To approximate 3D volume from 2D segmentation masks, the mod-
ule mathematically models the insect body as a series of stacked geo-
metric frustums (truncated cones) (Wiihrl et al., 2022). Orthogonal lines
are generated at equidistant intervals along the previously computed
curvilinear central axis. The local slope is computed at each sampled
point, and the orthogonal line (defined as the negative reciprocal) is
extended until it intersects the outer boundary of the combined seg-
mentation mask. The distance between the two boundary intersection
points provides the diameter (d;) of the circular cross-section at that
point. The geometric parameterization of the frustum model is illus-
trated in Fig. A4.

The volume of each discrete frustum segment (V}*) between adjacent
orthogonal cross-sections is calculated as:

b .
V})x = ﬁﬂ:(dlz + didH] + di2+1)7 1= 1, 27 ~~7Nmidline -1 (22)

Where h; is the interval distance along the centerline, and d; and d;,
are the respective cross-sectional diameters measured in pixels. The total
specimen volume is approximated by summing the piecewise volumes:

X Nmidtine =1y ;px
Vfotal = Z ! VF (23)

i=1

The final output is converted from cubic pixels to cubic millimeters
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by applying the cubic spatial calibration factor (k*). It is important to
note that this reconstruction is a geometric approximation rather than a
true 3D reconstruction: the Z-axis body thickness is not measured
directly from the 2D image, but is inferred by assuming that each
orthogonal 2D body width corresponds to the diameter of a circular
cross-section. This assumption is biologically suitable for the relatively
cylindrical body plan of Tachinidae, as validated here, but may intro-
duce systematic bias when applied to taxa with flattened, laterally
compressed, strongly irregular, or appendage-dominated morphologies.
The method also assumes that specimens are imaged in a standardized
view in which the visible body outline provides a meaningful approxi-
mation of body width along the centerline; severe contortion, out-of-
plane curvature, lateral rolling, or non-standard viewing angles may
therefore degrade volume and biomass estimates. The complete
segmentation-based workflow, from raw input through body-part
masks, centerline extraction, and volumetric reconstruction, is illus-
trated in Fig. 3.

2.5. Validation protocol and ground truth acquisition

To evaluate the accuracy of the automated predictions, a validation
dataset of 100 tachinid specimens representing 23 species (mean length:
9.36 mm; mean body-only dry weight (BODW): 6.1 mg) was established.
Prediction accuracy was quantified using the Pearson correlation coef-
ficient (R), the coefficient of determination (RZ), the mean absolute error
(MAE), and the root mean square error (RMSE). All reported R values
include 95% confidence intervals computed via Fisher's Z-trans-
formation (n = 100; SE = 1/+/97 ~ 0.102).

For length validation, specimens were re-imaged under a Zeiss Axio

abdomen 93.2%

3D Visualization of Circles Using Midpoints of Orthogonal Lines

Fig. 3. Workflow for segmentation-based length and volume estimation. The input image shows an ethanol-preserved Tachinidae specimen imaged individually with
the Entomoscope system. Top left: input image. Top right: predicted head, thorax, and abdomen masks. Bottom left: computationally derived centerline and
orthogonal cross-sections. Bottom right: volumetric approximation generated within InsectMorphoAlI using the stacked-frustum algorithm and setup-specific pixel-to-

millimeter calibration; no external 3D reconstruction software was used.
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Zoom V16 photomicroscope using consistent positioning. Ground truth
linear length (to evaluate the OBB module) and curvilinear length (to
evaluate the segmentation module) were manually measured by a single
observer using Zeiss software.

To validate segmentation-derived volume as a reliable proxy for
body-only biomass, wet and dry weights were obtained for all 100
specimens after leg removal. Before weighing, legs were removed to
ensure consistency with the volume estimates, which are geometrically
derived from the head, thorax, and abdomen masks only and thus
exclude appendage mass. Therefore, the biomass validation performed
here should be interpreted as validation of body-only biomass, not total
organism biomass. A physical sub-analysis confirmed that dried legs
constitute a substantial fraction of total dry weight (mean: 16.99% =+
4.12%; Supplementary Data S3), further justifying their removal to
ensure a like-for-like comparison between geometric volume and body-
only weight. For ecological applications requiring total organism
biomass, the body-only estimate can therefore be interpreted either as a
standardized core-body biomass proxy or adjusted using taxon-specific
appendage correction factors. Replicate measurements (n = 3) were
performed on a subset of specimens for both wet and dry weighing to
ensure consistency. Specimens were weighed using a Gibertini Europe
60 scale (accuracy: 0.0001 g) for wet weights and a Gibertini E50S/3
Semi-Micro Scale (accuracy: 0.00001 g) after 24 h of desiccation at
60 °C, with weighing conducted immediately upon removal to minimize
environmental rehydration.

3. Results
3.1. Performance of automated length estimation

Both computational modules accurately estimated insect length
compared to manual Zeiss photomicroscope measurements across the
100 validation specimens (Table 1).

The OBB-based “Rapid Scan” module provided highly precise linear
length estimates, demonstrating a strong positive linear correlation with
manual measurements (R = 0.988, R? = 0.976), a MAE of 0.211 mm,
and a RMSE of 0.290 mm. To provide ecological context, this MAE
represents an error of approximately 2.26% relative to the mean spec-
imen length in the validation set.

Similarly, the “Detailed Analysis” module successfully extracted
curvilinear body length via spline interpolation, yielding strong agree-
ment with manual curvilinear measurements (R = 0.976, R? = 0.953), a
MAE of 0.309 mm (approximately 3.30% of mean specimen length), and
a RMSE of 0.408 mm.

3.2. Body-only biomass prediction: Length vs. geometric volume

To evaluate the ecological utility of the extracted metrics, we
assessed both automated length measurements and computationally
derived 3D frustum volume as linear predictors of body-only biomass. As
described in Section 2.5, all wet and dry weight measurements were
obtained after leg removal to match the head-thorax-abdomen volume
estimated by the segmentation module. We use body-only dry weight
(BODW) specifically for the appendage-excluded dry-weight measure-
ments and distinguish it from whole-specimen dry weight. Liquid

Table 1
Comparison of automated length estimation accuracy against Zeiss manual
ground-truth measurements.

Feature / Comparison Pearson R R? MAE RMSE
Method Target [95% CI] (mm) (mm)
OBB linear Zeiss linear 0.988 0.976  0.211 0.290
length length 0.982-0.992
Seg. Zeiss 0.976 0.953  0.309 0.408
curvilinear curvilinear 0.964-0.984
length length
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displacement (Ciborowski, 1983) was evaluated as a direct volumetric
reference; however, given the small specimen scale (mean BODW: 6.1
mg), measurement precision was insufficient for reliable validation; wet
and dry weighing were therefore used as empirical biomass targets for
validation.

While automated OBB linear length measurements showed moderate
positive correlations with body-only weight (wet weight after leg
removal: R = 0.793, R* = 0.629; BODW: R = 0.781, R? = 0.610), and
segmentation curvilinear length performed similarly (wet weight after
leg removal: R = 0.811, R* = 0.658; BODW: R = 0.792, R? = 0.627), the
3D frustum volume approximation explained more variation across both
weight targets (wet weight after leg removal: R = 0.938 [95% CI:
0.909-0.958], R? = 0.880; BODW: R = 0.907 [95% CI: 0.865-0.937], R?
= 0.823), as shown in Fig. 4.

Unlike length-based allometry, where power-law models are
required because mass scales as the cube of linear dimensions, volume-
based regression has direct physical justification: mass is proportional to
density x volume, and tissue density is approximately constant within a
taxon. The fitted linear regression equations for the volume-based
biomass estimates are:

Wyet = 0.0314-V —-0.0135
Wy = 0.0050-V —-0.0018

where V is the frustum-derived volume (mrn3), and W is the predicted
body-only weight (g). These equations should only be applied within the
volume range of the validation dataset (> 0.4 mm3), as extrapolation
beyond the observed range is not statistically justified for any empirical
regression model. These equations are implemented in InsectMorphoAl
as the default biomass conversion for Tachinidae and serve as a cali-
bration template for users extending the pipeline to other taxa. For
BODW, volume yielded R = 0.907 R? = 0.823), with a MAE of 0.0010 g
and a RMSE of 0.0015 g. These results demonstrate that the geometri-
cally derived volume explained over 82% of the variance in BODW
across the validation set, as visually confirmed by the tighter regression
fit in panels (c) and (f) of Fig. 4.

4. Discussion

Our results illustrate how separating generalizable and taxon-
specific components within a single framework can reconcile scalabil-
ity with morphometric precision in automated insect morphometrics.
While many insect monitoring programs primarily rely on species
identification and abundance metrics, extracting standardized
morphological trait data remains a bottleneck for trait-based, biomass-
oriented approaches. The results presented here demonstrate that
InsectMorphoAlI successfully automates specimen-level morphometric
data acquisition, converting standard 2D specimen images into repro-
ducible, biologically meaningful metrics. Within the Tachinidae vali-
dation dataset, geometrically derived 3D frustum volume (R? = 0.823
for BODW; R% = 0.880 for wet weight after leg removal) explained more
variation in body-only biomass than both OBB linear length (R% = 0.610
for BODW) and segmentation curvilinear length (R2 = 0.627 for BODW)
estimates. Importantly, this result is demonstrated within a single-family
validation framework and should not be interpreted as evidence of cross-
taxon generality. This supports its use as a non-destructive body-only
biomass proxy within the validated taxonomic scope, while preserving
specimens for downstream analyses. Furthermore, automated morpho-
metrics eliminates the observer-dependent component of traditional
protocols, ensuring fully reproducible measurements across laboratories
and operators (Rogers et al., 1977; Sample et al., 1993).

4.1. Geometric precision and modular generalizability

A key finding of this study is that, within the Tachinidae validation
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Fig. 4. Linear relationships between three image-derived features (OBB linear length, segmentation curvilinear length, and segmentation volume) and measured wet
weight after leg removal (panels a—c) and body-only dry weight (BODW; panels d-f) for 100 Tachinidae specimens. Each panel displays data points, the linear

regression fit (black line), and key metrics (R, R?, MAE, RMSE).

dataset, stacked frustum volume provided a stronger body-only biomass
proxy than linear or curvilinear length, while requiring only a simple
linear calibration model. This parsimony is ecologically advantageous:
interpretable linear models are less prone to overfitting on limited
datasets and are straightforward for biologists to calibrate, communi-
cate, and adapt to additional taxa. The strong performance of this geo-
metric proxy suggests that, for morphometrically consistent taxa,
biologically informed geometric descriptors can provide an interpret-
able alternative to more complex feature-engineering or black-box
biomass-prediction approaches. Thus, the central contribution of the
detailed-analysis module is not only the segmentation model itself, but
the conversion of biologically meaningful body-part masks into an
interpretable geometric volume proxy for biomass estimation.

A persistent challenge in applied computer vision for ecology is the
trade-off between algorithmic generalizability and measurement preci-
sion: a model trained to precisely segment the body parts of a fly will
inevitably fail when applied to a morphologically divergent taxon such
as a beetle or a stick insect. InsectMorphoAlI circumvents this “universal
model” trap via its dual-module architecture. The OBB-based Rapid Scan
module serves as a broadly applicable baseline for ecological applica-
tions — including initial size sorting of Malaise trap samples, tracking
community-level shifts in body size structure over time, and providing
rapid size proxies for large-scale biodiversity surveys. Because it was
trained on a deliberately diverse multi-order dataset, the OBB module is
expected to be more broadly applicable than the taxon-specific seg-
mentation module and shows visually consistent predictions across
representative insect groups (Fig. A3). However, formal quantitative
cross-order benchmarking remains necessary to define its full taxonomic

scope. Importantly, even this OBB-derived linear length proxy retains
the non-destructive advantage of the framework while providing a
practical size estimate for diverse bulk samples where taxon-specific
segmentation training data is unavailable.

Conversely, the Detailed Analysis segmentation module acknowl-
edges that high-precision volumetrics require taxon-specific knowledge
and is particularly valuable for research questions where simple linear
geometry is insufficient. Precise body-part volume estimates are directly
relevant to detailed functional trait ecology (e.g., linking body compo-
sition to metabolic rates), the study of intraspecific variation such as
sexual dimorphism or ontogenetic change, and the assessment of
population-level responses in specific pest or beneficial species. Beyond
entomological monitoring, pollination research could benefit from
automated morphometric extraction because body-size-related traits are
often relevant to foraging range, pollen transport capacity, and
plant-pollinator trait matching. However, pollination efficiency should
not be inferred from body size alone, as it also depends on flower visi-
tation rate, seasonal phenology, daily activity patterns, pollen-
placement mechanisms, foraging preferences, and sociality. For bee-
focused applications, future extensions of InsectMorphoAl could also
target intertegular distance or other taxon-specific landmark measure-
ments (Greenleaf et al., 2007), which may be more appropriate than
body length for some pollination-related questions. By deploying this
module as an extensible framework and providing our iterative pseudo-
label refinement pipeline as an open-source blueprint, researchers can
train highly precise models tailored to their specific focal taxa. Impor-
tantly, however, each additional family will require dedicated annota-
tion, performance evaluation, and biomass calibration before high-
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precision volumetric estimates can be interpreted ecologically. Given
that rank-abundance distributions in Malaise trap samples are typically
dominated by a limited number of families (Srivathsan et al., 2023),
developing specialized segmentation models for the most frequent
families remains a tractable and high-impact extension. Beyond whole-
body morphometrics, the same modular training pipeline could be
extended to extract ecologically relevant sub-features, such as proboscis
length in pollinators.

4.2. Comparative analysis with existing frameworks

While several automated morphometric pipelines have been intro-
duced in recent years, they occupy distinct operational niches. Insect-
MorphoAI is designed to fill a specific gap: providing accessible,
hardware-agnostic, granular trait extraction for standard biological
laboratories. A comparison of core features between InsectMorphoAl
and existing state-of-the-art tools is provided in Table 2.

As outlined in Table 2, tools like DiversityScanner offer high physical
throughput via robotic automation, but this comes at the cost of acces-
sibility for standard laboratories. Notably, whereas DiversityScanner
estimates length by summing straight-line segments across individual
body parts, InsectMorphoAl fits a continuous parametric cubic spline
through the body axis, yielding a true curvilinear measurement that
more accurately captures specimens fixed in curved postures. Similarly,
BIODISCOVER (Arje et al., 2020) relies on a custom robotic imaging
platform, and specimens must be fed manually without post-processing
sorting, limiting its throughput and accessibility. At the other end of the
spectrum, Schneider et al. (2022) maximize throughput by estimating
functional-group-level biomass from bulk sample images, but a 2D pixel
area is an inherently inconsistent predictor of volume across taxa with
complex shapes or varying depth profiles. InsectMorphoAlI occupies the
intermediate niche: frustum-based geometric precision at the individual
specimen level, deployable in any standard laboratory without dedi-
cated hardware. In practical ecological workflows, InsectMorphoAlI can
serve as a morphometric layer between specimen digitization and
downstream ecological analysis. After individual specimens are imaged,
the OBB module can rapidly generate standardized length estimates for
large sample sets, supporting size-structure analyses, specimen sorting,
and community-level comparisons across sites or time points. For focal
taxa for which segmentation models have been trained and validated,
the Detailed Analysis module can provide higher-resolution body-part
measurements, curvilinear length, and body-only biomass estimates.
These outputs can be exported as analysis-ready CSV files and linked to
taxonomic identifications, DNA barcodes, sampling metadata, or envi-
ronmental variables. Compared with manual measurement and weigh-
ing, this workflow is non-destructive, reproducible, less observer-
dependent, and better suited to high-throughput monitoring pipelines
in which specimens must remain available for downstream molecular or

Table 2
Feature comparison of state-of-the-art automated insect morphometric software.
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taxonomic analyses.

4.3. Limitations and future directions

First, as detailed in Section 2.4.3, the stacked-frustum calculation
assumes that each 2D mask-derived body width approximates the
diameter of a circular cross-section. This assumption is biologically
plausible for the relatively cylindrical body plan of Tachinidae, which is
why this family was suitable for the present proof-of-concept validation,
but deviations from this geometry will directly affect volume and
biomass estimates. For dorsoventrally flattened taxa, the method may
overestimate volume because body depth is smaller than the visible
dorsal width; for laterally compressed or irregularly shaped taxa, the
direction and magnitude of bias may be less predictable. Similarly,
dense setation, folded wings, damaged specimens, and appendages
obscuring body boundaries may distort the estimated cross-sectional
diameters. These limitations do not invalidate the method for Tachini-
dae, but they define the current boundaries of applicability. Future
versions could incorporate elliptical or taxon-specific cross-sectional
models, multi-view imaging, or calibration factors derived from physical
measurements to reduce such biases.

Second, the volume estimation is derived solely from the head,
thorax, and abdomen masks to avoid severe pixel noise introduced by
highly articulated legs, wings, and antennae. Consequently, the biomass
equations validated here estimate body-only biomass rather than total
organism biomass. This distinction is important because ecological ap-
plications differ in whether they require standardized core-body
biomass or whole-specimen biomass. In our Tachinidae validation set,
dried legs represented 16.99% + 4.12% of total dry weight, showing
that appendages can contribute a non-negligible fraction of total mass.
For applications requiring total organism biomass, future implementa-
tions could incorporate taxon-specific correction factors, appendage
segmentation models, or separate calibration equations based on whole-
specimen weights. Until such calibration is available, the current
equations should be interpreted as body-only biomass estimates. Addi-
tionally, while the annotation strategy was designed to handle partial
occlusions, near-complete concealment of a body segment by folded
wings or overlapping legs remains a boundary case that may reduce
segmentation reliability; visual inspection of outputs is advisable in such
instances.

Third, the current models were trained on ethanol-preserved, indi-
vidually imaged specimens acquired under controlled conditions using
the Entomoscope setup. Performance on less standardized biodiversity-
monitoring images, including field-taken images, mixed bulk-sample
images, overlapping individuals, damaged specimens, or specimens
prepared by alternative methods such as dry-pinned, point-mounted, or
critical-point-dried material, has not been formally evaluated. Future
work should assess these conditions through formal domain-shift

Feature InsectMorphoAl (this study) DiversityScanner (Wiihrl et al., 2022) BIODISCOVER (Arje et al., 2020) Schneider et al. (2022)
Primary OBB linear length & segmentation Linear length & 3D body volume 2D geometric image features 2D pixel area x group-specific
morphometric curvilinear length; 3D frustum (orthogonal cross-section slices) density
proxy volume
Measurement Specimen-level, per body part Specimen-level Specimen-level Functional-group level
granularity
Hardware Hardware-agnostic (any camera or Requires an integrated custom robotic Requires a custom robotic Hardware-agnostic (standard
dependency microscope) imaging platform BIODISCOVER imaging machine camera)

Specimen size range

Flexible; depends on imaging setup
and calibration

Optimized for specimens <3 mm

Set up and Docker container with Streamlit GUI; Integrated robotic platform (hardware +
accessibility Python CLI embedded software)
Non-destructive Yes Yes

Ideal use case

Accessible specimen-level
morphometrics for any lab

High-throughput robotic digitization of
small (<3 mm) insects at specialized
facilities

Not specified

Custom robotic BIODISCOVER
platform
Yes
Automated specimen
identification with hardware-
based imaging

Not specified
Standard camera + Python

Yes
Functional-group classification
and biomass from bulk sample

photos
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benchmarking across taxa, specimen preparations, and imaging plat-
forms. Such validation could also quantify robustness under controlled
perturbations and incorporate confidence-based quality flags to identify
cases requiring manual inspection. Future benchmarking could also
evaluate newer object-detection and instance-segmentation architec-
tures to determine whether alternative spatial modeling strategies
improve body-part segmentation for highly articulated or strongly
contorted insect specimens.

Beyond these current constraints, several directions offer promising
avenues for future development. A particularly tractable extension is the
application of the volume estimation pipeline to larval stages, which are
particularly challenging for traditional approaches due to their small
size and rapid desiccation post-collection. Photographing live larvae,
temporarily immobilized via brief cold exposure, could enable non-
destructive volume tracking across molting events, offering a new tool
for developmental ecology and growth rate studies.

While the OBB module was trained on a multi-order dataset spanning
Diptera, Hymenoptera, and Coleoptera, and its generalizability is qual-
itatively demonstrated in Fig. A3, formal cross-order benchmarking with
quantitative error metrics remains a natural next step to characterize its
taxonomic scope further. Future software extensions could also target
bulk-sample imaging, where multiple specimens appear within a single
frame; in such scenarios, the segmentation pipeline would require
integration of robust instance separation logic to prevent merged masks
from adjacent individuals.

5. Conclusion

InsectMorphoAl provides a validated, open-source, and hardware-
agnostic framework for automated insect morphometrics from stan-
dard 2D images. The dual-module architecture combines a broadly
applicable OBB-based length estimator with a taxon-specific instance
segmentation pipeline that currently provides validated high-precision
volumetric extraction for Tachinidae. A key finding is that, within the
Tachinidae validation dataset, geometrically derived 3D frustum vol-
ume (R? = 0.823 for body-only dry weight) yielded higher explanatory
power for body-only dry weight than linear length (R? = 0.610), while
requiring only a simple linear calibration model. This makes the
approach interpretable and provides a calibration template for future
taxon-specific extensions. Being fully non-destructive, the framework
integrates naturally into modern reverse-workflow biodiversity pipe-
lines by allowing specimens to be imaged, morphometrically quantified,
exported as structured trait data, and then retained for downstream
taxonomic or molecular analyses such as DNA barcoding. The current
limitations, including taxon-specific segmentation, circular cross-
section assumptions, and training on ethanol-preserved material,
define the present boundaries of applicability. Addressing these limita-
tions through additional taxon-specific datasets, alternative geometric
models, and cross-condition validation would substantially extend the
software's ecological reach. By making specimen-level morphometric
precision accessible to any standard laboratory, InsectMorphoAl ad-
dresses a key bottleneck in trait-based and biomass-oriented high-
throughput biodiversity monitoring.
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