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Automated Insect Morphometrics 

Abstract 

Accurate information on insect biomass and size is fundamental for studying insect 

behavior, ecology, and decline. However, most methods are labor-intensive, often invasive, 

and impede large-scale studies. Here, we introduce two novel, non-invasive, deep 

learning-based methods to automatically measure key insect traits from images. First, we 

introduce a general approach using Oriented Bounding Boxes (OBB) designed for broad 

applicability across diverse insect taxa. By adjusting for specimen orientation, this method 

measures length accurately with a mean absolute error (MAE) of 0.211 mm compared to 

conventional photomicroscope measurements and provides initial biomass estimates using 

established length-weight relationships. Second, we tested whether a specialized 

segmentation model requiring taxon-specific training improves biomass predictions. We 

show that a model for Tachinidae (Diptera, Calyptratae) can effectively delineate key body 

parts (head, thorax, abdomen) and provide accurate curvilinear body length, volume, and 

biomass estimates, correlating strongly with both wet (R = 0.937) and dry (R = 0.907) 

weight. Validation experiments demonstrate that our methods are accurate and offer 

advantages over traditional techniques by reducing handling and improving scalability. 

This is important because developing similar segmentation models for just the 20 most 

dominant flying insect families collected in bulk samples like Malaise traps could cover 

around 50% of specimens, and the modular design of our segmentation pipeline allows for 

seamless updates to include additional families. Together, these two new approaches for 

morphometric analysis provide an efficient, scalable framework for automated insect data 

acquisition, with broad implications for diverse ecological and evolutionary studies, 

ranging from functional trait ecology and population-level assessments to large-scale 

biodiversity monitoring and conservation initiatives. 
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1. Introduction 

Accurate measurement of insect traits, such as length, volume, and biomass, is essential for 

understanding ecosystem health, species distribution, and ecological dynamics. These 

functional traits provide crucial insights into a wide array of biological processes, from 

food webs and energy flow (Cardinale et al., 2012; Loreau et al., 2001) to how insect 

populations respond to environmental changes like climate shifts (Schowalter, 2016; 

Tilman et al., 2006) and widespread habitat alteration (Lister & Garcia, 2018).  

The applications of morphometric data are extensive and play a key role across multiple 

research fields. In functional trait ecology, these data help link biomass to dispersal ability 

and metabolic rate (Bosch & Vicens, 2002; Jahant-Miller et al., 2022). In pollination 

biology, body size measurements are used to assess the relationship between insect size 

and pollen transport efficiency (Büyükyilmaz & Tseng, 2022). In pest management, 

morphometrics contribute to inform on pest control (Maurey et al., 2025), and in 

behavioral ecology, precise individual-level measurements are essential for studying life 

history evolution (LaBarbera, 1989) and parasitoid-host dynamics (Poulin & 

George-Nascimento, 2007; Hechinger, 2013). Furthermore, in biodiversity research, 

tracking shifts in body size over time and space can be relevant to understanding 

population dynamics. Indeed, the well-documented decline in insect biomass across 

ecosystems (Habel et al., 2019; Hallmann et al., 2017; Sánchez-Bayo & Wyckhuys, 2019; 
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van Klink et al., 2020)  further highlights the urgency of developing accurate and efficient 

morphometric tools to monitor these changes and inform conservation strategies. 

However, obtaining comprehensive morphometric data, particularly for the large sample 

volumes generated by standardized collection methods like Malaise traps, remains a 

significant challenge (Bazzo et al., 2023; Pellegrino et al., 2022). These traps can yield 

thousands of specimens from hundreds of species weekly (Karlsson et al., 2020; 

Srivathsan et al., 2019), often dominated by hyperdiverse groups whose taxonomy is 

poorly understood (so-called "dark taxa") (Hartop et al., 2022; Page, 2016; Srivathsan et 

al., 2023). Traditional morphometric methods, typically involving direct weighing after 

drying, are precise but inherently invasive, labor-intensive, and time-consuming 

(Rodríguez-Lozano et al., 2021). Furthermore, manual measurements can suffer from 

inter-observer variability (Rogers et al., 1976; Sample et al., 1993). These limitations 

render traditional approaches impractical for large-scale studies and preclude subsequent 

analyses like DNA barcoding, which are increasingly vital for biodiversity assessment 

(Hebert et al., 2003; Wang et al., 2018). 

To address these challenges, image-based automated approaches are being developed. 

Notably, Schneider et al., 2022 introduced a deep learning method for biomass estimation 

by segmenting individual arthropods within bulk samples from images. While scalable, it 

requires calibration data for varied arthropod groups and can face accuracy limitations 

with morphologically similar species. Other systems like BIODISCOVER (Ärje et al., 

2020) estimate biomass using image area as a proxy, enabling high throughput but facing 

challenges with smaller species due to inconsistent area-to-weight relationships. The 

DiversityScanner (Wührl et al., 2022) integrates robotics with machine learning for 
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biomass estimation and sorting by detecting contours and segmenting body parts from 2D 

images to approximate 3D volumes, though it can require manual adjustments for complex 

morphologies. While these studies demonstrate the feasibility of image-based 

morphometrics, challenges persist in achieving high accuracy and adaptability across the 

diverse morphologies of insect groups, especially when non-invasive, specimen-level data 

is required. 

The field is rapidly moving towards integrated pipelines that combine advancements in 

robotics, imaging, high-throughput sequencing (HTS), and machine learning to tackle 

large-scale insect analysis (Wägele et al., 2022). This includes automated specimen 

handling (Wührl et al., 2022), size-sorting (Ascenzi et al., 2025), high-resolution imaging 

(Hereld et al., 2017; Klug et al., 2024), and AI-driven classification (Knyshov et al., 2021; 

Shirali et al., 2024; Caruso et al., 2025). The "reverse workflow" in molecular studies, 

where specimens are barcoded first and then morphologically validated (Hartop et al., 

2024; Srivathsan et al., 2021; Yeo et al., 2021), further emphasizes the need for efficient, 

non-destructive morphometric tools that can be applied to individuals post-identification or 

alongside molecular processing. Within this vision of a "next wave" of specimen-based 

biodiversity assessment, our work aims to provide a crucial missing component: robust, 

automated, and non-invasive methods for acquiring detailed morphometric data from 

individual insect images. 

Here, we address the need for improved morphometric tools by developing and validating 

two complementary, non-invasive, deep learning-based methods for estimating insect 

length, volume, and subsequently biomass from 2D images. Both insect length and volume 

were chosen as primary targets because their correlation with dry mass is well-established 
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(Ganihar, 1997; Penell et al., 2018; Sample et al., 1993; Smock, 1980), allowing biomass 

estimation through non-invasive, automated measurements. Our first method employs 

Oriented Bounding Boxes (OBB) to provide a general, rapid technique for length 

estimation across a wide range of insect taxa, adaptable to diverse morphologies and 

suitable for quick processing of large, morphologically varied samples. Our second, more 

specialized method utilizes instance segmentation, demonstrated with Tachinidae (Diptera, 

Calyptratae), to accurately delineate key body parts (head, thorax, abdomen). This allows 

for detailed curvilinear length and volumetric calculations, providing precise data valuable 

for in-depth studies of specific taxa. Although developing specialized morphometric 

models requires taxon-specific training data, this effort can be optimized by leveraging the 

typical rank-abundance distribution observed in insect communities, where a few dominant 

families and species account for the majority of individuals in a sample (Srivathsan et al., 

2023). Focusing on these common taxa allows models to generate detailed morphometric 

data for a substantial portion of bulk samples, making this a strategic and efficient 

approach for large-scale analyses of diversity and biomass. 

By developing these novel methodologies, this research contributes to the growing toolkit 

for automated insect analysis. These approaches enhance the precision and adaptability 

needed for addressing diverse ecological questions at scale, supporting applications from 

large-scale biodiversity monitoring to detailed studies of individual species' responses to 

environmental change. 

2. Materials and Methods 

2.1 Data Collection and Preparation 
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2.1.1 Data Acquisition 

For the OBB method, 815 images from multiple insect families representing Diptera, 

Hymenoptera, and Coleoptera were acquired. Images were captured using the low-cost, 

high-resolution DIY microscope, Entomoscope (Wührl et al., 2024), and stacked using 

Helicon Focus (Helicon Soft Ltd, 2025). Each specimen was preserved in ethanol to 

maintain its structural integrity during imaging, ensuring consistent quality across the 

dataset. For the segmentation method, we used bristle flies (Diptera: Tachinidae) as a case 

study model taxon. We selected 1,320 images from several representative tachinid species 

for the final training dataset. This family was chosen due to its abundance in samples and 

distinct morphological features. For both methods, the dataset included images captured 

from different views and orientations, providing diversity. 

Specimen details and image lists are provided in Tables S1 and S2 (Supporting 

Information). All images and corresponding annotations used in this study are publicly 

available via (Shirali & Ascenzi, 2025). The datasets were split 70:15:15 by specimen ID 

to prevent data leakage. 

2.1.2 Image Annotation 

2.1.2.1 OBB Annotation 

For the OBB method,  images were labeled using LabelStudio 

(HumanSignal/Label-Studio, 2019/2024). This involved drawing one bounding box around 

the specimens' main body parts—head, thorax, and abdomen—while accurately capturing 

their orientation. Non-essential body parts, such as wings, legs, and large antennae, were 

deliberately excluded to focus on elements critical for length measurement. In cases where 
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the insect was too large or close to the image borders, making it challenging to label using 

an oriented bounding box, a 10% padding was added to the borders of all images while 

maintaining the same background color. This adjustment ensured that the bounding boxes 

accurately aligned with the insects' natural poses, thereby improving the reliability of 

length estimation. 

2.1.2.2 Segmentation Annotation 

We adopted a two-stage annotation strategy to accurately label insect body parts (head, 

thorax, abdomen) for robust segmentation supporting length and volume estimation. 

Initially, 820 images were annotated using Grounding DINO (Liu et al., 2023) for 

bounding boxes and SAM (Kirillov et al., 2023) for segmentation, followed by manual 

refinement in LabelMe (Wada, 2024). This stage focused only on clearly visible regions, 

excluding parts obscured by wings or legs, which limited the model’s performance. 

Due to limitations in capturing complex insect morphology, we improved our approach by 

annotating 500 additional images using pseudo-labeling from a segmentation model 

trained on the initial dataset, followed by detailed manual refinement. This refinement 

explicitly included inferred outlines of body parts partially obscured by legs or wings. This 

refined method provided a more comprehensive representation of insect anatomy, 

significantly improving segmentation accuracy and robustness. See Figure 1 for annotation 

examples. 
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Figure 1. Annotation strategies for the OBB method (left), targeting the overall specimen outline, 

and the segmentation method (right), delineating specific body parts. 

2.2 Oriented Bounding Box (OBB) Based Length Estimation 

2.2.1 OBB Model 

To detect oriented bounding boxes aligned with specimen orientation for accurate length 

measurement, we adapted and evaluated the YOLOv8 OBB architecture (Jocher et al., 

2022/2023). This architecture is an advanced version of the YOLO architecture, 

specifically designed to capture objects' orientations in addition to their positions. Starting 

with models pre-trained on the general DOTA (Dataset for Object Detection in Aerial 

Images) dataset, we performed transfer learning by fine-tuning them on our 

custom-annotated insect dataset to adapt the architecture for our specific morphometrics 

application. YOLOv8 OBB offers five variants that differ in architectural size and 

complexity. Generally, larger variants possess greater capacity for achieving higher 

accuracy but demand more computational resources. Therefore, to identify the optimal 

balance of performance and efficiency for our application, we systematically trained and 

evaluated all five variants under identical conditions. The training conditions included a 
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batch size of 16, AdamW optimizer (learning rate = 0.01), and data augmentations 

(random rotations, flipping, scaling, mosaic) for improved robustness. The models' 

performance in bounding box detection and orientation accuracy was assessed using 

standard metrics: mAP@0.5 (mean Average Precision at 50% IoU overlap) and the stricter 

mAP@0.5-0.95 (average mAP across IoU thresholds from 0.5 to 0.95). Our evaluation 

across the variants revealed that the medium version (YOLOv8m-obb) demonstrated the 

best trade-off between accuracy and computational requirements for this task. 

Consequently, this variant was selected as the final choice for subsequent length estimation 

experiments. Figure 2 illustrates the training performance for this selected YOLOv8m-obb 

model. The evaluation metrics showed steady precision improvement and declining box 

loss curves during training, indicating effective learning and generalization. 

 

Figure 2. Training performance of the YOLOv8m-obb model, showing convergence of mAP (left) 

and decreasing box loss (right), indicating effective learning for OBB detection. 

2.2.2 Length Measurement from OBB 

The bounding box detected by YOLOv8 OBB was used to calculate the specimen's length. 

The length of the specimen in pixels was determined by identifying the longest side of the 

bounding box. This pixel length was then converted into millimeters using the same 

calibration factor derived from the reference object in the segmentation-based method (see 
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Section 2.4.1). This consistency in unit conversion ensured comparability between the two 

methodologies. 

While the primary focus was on length measurement, the width of the bounding box could 

also be measured. However, due to variability in specimen poses and potential occlusions, 

the width measurements are less reliable and were not emphasized in this study. To 

illustrate the process, Figure 3 showcases an example of a detected bounding box with 

arrows indicating the measured length and width. 

 

Figure 3. Example output of the OBB method: input image (left), predicted oriented bounding box 

(center), and derived length (red) and width (green) measurements (right). 

2.3 Segmentation-Based Volume and Length Estimation 

2.3.1 Body Part Segmentation 

To identify the optimal segmentation architecture, Mask R-CNN (He et al., 2018) 

(ResNet-50-FPN backbone) and YOLOv8-seg (Jocher et al., 2022/2023) (nano variant) 

were trained and evaluated under identical conditions using the initial 820 labeled images. 

Both models, pre-trained on the COCO dataset, were subjected to the same augmentations, 

with performance evaluated using mAP@0.5 and mAP@0.5-0.95 metrics. YOLOv8n-seg 

demonstrated higher performance, achieving segmentation and bounding box mAP@0.5 
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scores of 0.944 and 0.964, respectively, versus Mask R-CNN’s 0.922 and 0.926. This trend 

persisted for mAP@0.5–0.95, confirming YOLOv8-seg as the preferred model for 

subsequent analysis. 

YOLOv8-seg also offers five model sizes (nano - extra-large). Training all variants on the 

initial dataset revealed that the large model achieved the highest segmentation 

mAP@0.5-0.95 score (0.744), as shown in Table 1: 

Table 1.  Performance for each YOLOv8-seg model size using mAP@0.5 and mAP@0.5-0.95 on 

the initial dataset.  

Metric                                                           Model size 

 nano (n) small (s) medium (m) large (l) extra large (x) 

mAP@0.5 

Segmentation 
0.944 0.961 0.967 0.962 0.959 

mAP@0.5-0.95 

Segmentation 
0.686 0.718 0.734 0.744 0.721 

Following this, both medium and large versions of YOLOv8-seg were trained on an 

expanded dataset with a revised labeling strategy. Two training approaches were tested: (1) 

training from scratch and (2) fine-tuning the previously trained models on the refined 

dataset. Both used identical training conditions, employing the Adam optimizer (learning 

rate: 0.01, batch size: 16, weight decay: 0.0005) and data augmentations (random rotations, 

scaling, horizontal flipping, mosaic) to enhance robustness against orientation and pose 

variations. 
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Fine-tuning on the refined dataset significantly outperformed training from scratch, with 

the fine-tuned medium model (YOLOv8m-seg) providing the optimal balance between 

accuracy and computational efficiency. Figure 4 illustrates performance improvements, 

showing increased mAP scores and a steady decline in segmentation loss (including IoU 

loss), indicating effective learning and precise segmentation boundary predictions. 

 

Figure 4. Training performance of the final YOLOv8m-seg model, illustrating mAP convergence 

(left) and decreasing segmentation loss (right), demonstrating effective learning for body part 

segmentation. 

By adopting this fine-tuning approach, we ensured that the segmentation model performed 

optimally on the revised dataset. 

2.3.2 Curvilinear Length Measurement 

Predictions from the final YOLOv8m-seg model served as inputs for calculating the 

curvilinear length. The estimation process began with extracting the body centerline, 

which is a critical step for accurate length measurement. To define this centerline, the 

centers of gravity (CoGs) for the insect's head, thorax, and abdomen were computed based 

on the pixel-precise segmentation results. These CoGs, representing the geometric centers 

of each body part, were used as reference points for constructing a spatial curve along the 
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insect’s body. A parametric cubic spline interpolation was then applied to model this curve. 

This method connects the CoGs using a series of cubic polynomial segments, ensuring 

smooth transitions and precise representation of complex body shapes. To fully capture the 

body length, the spline was linearly extended at both ends, linking the CoGs of the head 

and abdomen to the respective boundaries of each body part. The total curvilinear length 

was calculated by summing the lengths of all spline segments (see Appendix A in 

Supporting Information for details). 

2.3.3 Volume Estimation 

Predictions from the segmentation model were also used as inputs for classical image 

processing algorithms to estimate the volumes of the insect’s head, thorax, and abdomen. 

To estimate volume, orthogonal lines were generated at equidistant intervals along the 

body centerline, constructed earlier from the centers of gravity (CoGs) as described in 

Section 2.3.2. The local slope was computed at each sampled point along the centerline 

(the midline), and the orthogonal line was defined as its negative reciprocal. These lines 

extended perpendicularly from the centerline until they intersected the boundary of the 

combined segmentation mask. For accurate volume computation, each orthogonal line was 

trimmed to match the segmented region it intersected—head, thorax, or abdomen. Each 

cross-section was then assigned to the appropriate body part. Assuming circular 

cross-sections, the diameters were used to estimate the volume of individual segments. 

This process ensured precise alignment of each cross-section with the segmented regions, 

enabling accurate length and volume estimation. A similar method was previously applied 

in the DiversityScanner framework (Wührl et al., 2022). 
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Each segment between two adjacent orthogonal lines was modeled as a frustum of a cone. 

This circular approximation is suitable given the generally round shape of insect body 

cross-sections. It offers a good balance between computational efficiency and estimation 

accuracy when working with 2D image data. The volume  can be calculated using 

Equation  or Equation . The variable  represents the diameter of the cross-section 

at point  along the centerline. It is measured as the distance between the two boundary 

points along the orthogonal line at . The width of the truncated cone ( ) is calculated by 

saving the position of the generated points on the centerline. These points correspond to 

the center of the respective cross-sectional area , , … , . 
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Figure 5. Principle of volume estimation using the truncated cone (frustum) method for a body 

segment, showing key parameters (height hᵢ, diameters dᵢ, dᵢ₊₁). 

The total volume  of the component can be approximated by calculating the 

piecewise volumes and summing them (Equation 2.3). 

 

2.4 Supporting Information 

2.4.1 Calibration and Unit Conversion 

This calibration applies to both OBB length and segmentation length, as well as volume 

measurements. A calibration factor is applied to convert measurements from pixels to 

metric units (millimeters). This factor, derived using a reference object of known 

dimensions (a 2 mm micrometer slide divided into 200 parts), translates the pixel 

dimensions into real-world measurements. It is measured using the same experimental 

setup for capturing specimen images. After taking the picture, the number of pixels can be 
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measured with standard photography software. The parameter  can be calculated using 

the trivial formula (Equation 2.4): 

 

To correct for resolution anisotropy, images were captured in both horizontal and vertical 

orientations, and the final calibration factor is the average of both measurements. 

Additionally, the Entomoscope setup utilizes multiple telecentric lenses for scalability 

across different magnification levels. Unique calibration factors were computed for each 

lens configuration to maintain accuracy across magnification levels, ensuring measurement 

reliability and comparability across methods and with physical measurements. 

Figure 6 illustrates the complete segmentation-based workflow, including the raw image, 

segmentation masks, centerline with CoGs, orthogonal cross-sections, and the final 

volume estimation, providing a clear visual summary of the process. 

16 

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 27, 2025. ; https://doi.org/10.1101/2025.05.22.655251doi: bioRxiv preprint 

https://www.codecogs.com/eqnedit.php?latex=%5Chat%7Bk%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Chat%7Bk%7D%20%3D%20%5Cfrac%7B%5Ctext%7BObject%20Size%20in%20mm%7D%7D%7B%5Ctext%7BObject%20Size%20in%20px%7D%7D%20%5Ctag%7B2.4%7D#0
https://doi.org/10.1101/2025.05.22.655251
http://creativecommons.org/licenses/by-nc-nd/4.0/


Automated Insect Morphometrics 

Figure 6. Workflow for segmentation-based length and volume estimation: (top left) input image, 

(top right) body part segmentation, (bottom left) centerline and orthogonal line extraction, (bottom 

right) volumetric reconstruction. 

2.4.2 Software and Tools 

Both methods were implemented using Python (version 3.11) and PyTorch as the primary 

deep learning framework, with most post-processing tasks handled using OpenCV. Each 

model was trained on the HAICORE high-performance computing infrastructure at the 

Karlsruhe Institute of Technology (KIT), utilizing GPU nodes equipped with NVIDIA 

A100 GPUs. While trained on HPC resources for efficiency, model inference and 

fine-tuning on new taxa could be feasible on standard workstations equipped with modern 
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GPUs. The code developed for this study, including a user-friendly application for testing 

both the OBB and segmentation methods, is available on GitLab at the InsectMorphoAI 

Repository. 

3. Experimental Validation 

3.1 Validation Setup and Procedures 

3.1.1 Specimen Selection and Imaging 

A set of 100 tachinid fly specimens belonging to 23 species was selected for detailed 

validation. These specimens were chosen based on the availability of high-quality lateral 

view images captured using the Entomoscope setup described previously (Section 2.1.1), 

ensuring consistent imaging conditions for applying both developed methods. While the 

OBB model was trained on a broad range of taxa, we utilized 100 tachinid specimens for a 

quantitative validation to evaluate the performance of both methods. 

3.1.2 Ground Truth Measurements 

3.1.2.1 Length Measurement  

To establish ground truth length measurements for comparison, the same 100 specimens 

were imaged using a Zeiss Axio Zoom V16 photomicroscope equipped with a Plan Z 

1.0x/0 objective and PI 10x/23 eyepiece. Each specimen was positioned to match the same 

view of the Entomoscope images. Stacked images were acquired, and the Zeiss software 

(version 3.2.090) was used for manual length measurements. Two types of manual 

measurements were performed: 
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1.​ Linear Length: A straight-line measurement between the head's anterior-most point 

and the abdomen's posterior-most point, used as the ground truth for the OBB 

method's linear length estimates. 

2.​ Curvilinear Length: A spline curve measurement following the body's central axis, 

used as the ground truth for the segmentation method's curvilinear length estimates. 

Care was taken to use consistent start and end points corresponding to those targeted by 

the automated methods to ensure direct comparability. 

3.1.2.2 Biomass Proxy Measurement 

To validate the segmentation method's volume estimates as a proxy for biomass, wet and 

dry weights of the same 100 specimens were measured. Prior to weighing, the legs were 

removed from the specimens to ensure consistency and focus on the main body mass 

comparable to the estimated volume. 

For wet weighing, specimens stored in ethanol were transferred to water for one hour, then 

surface water was removed by gently blotting each side of the specimen on absorbent 

paper for five seconds (total 10 seconds), avoiding compression. Weights were measured 

using a Gibertini Europe 60 scale with an accuracy of 0.0001 g. For dry weighing, 

specimens were dehydrated at 60°C for 24 hours before weighing on a Gibertini E50S/3 

Semi-Micro Scale, accurate to 0.00001 g. Weighing was conducted under controlled 

temperature and humidity within the shortest possible time frame after desiccation to 

prevent specimen rehydration. We further weighed the dried legs of specimens from 

selected species to assess their approximate contribution to the total weight. Replicate 

measurements (n=3) were performed on a subset of specimens for both wet and dry 

weighing to assess measurement consistency. 
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3.1.3 Attempted Liquid Displacement Validation 

We initially tried to validate volume estimates using liquid displacement Ciborowski 

(1983). However, technical challenges, including micropipette calibration issues, caused 

inconsistent and imprecise measurements. Additionally, the required accuracy exceeded 

the sensitivity of this method. Thus, we chose wet and dry weighing instead, providing 

more reliable and strongly correlated indirect validation. 

3.2 Evaluation Metrics 

The following metrics were used to assess the performance of the automated methods 

against the ground truth measurements: 

3.2.1 Error Metrics for Length  

Accuracy of length estimation for both the OBB (vs. Zeiss linear) and the segmentation 

methods (vs. Zeiss curvilinear) was assessed using: Mean Absolute Error (MAE) and Root 

Mean Square Error (RMSE). MAE measures the average magnitude of the prediction 

errors, while RMSE emphasizes larger errors by giving them more weight. Lower values 

for both metrics indicate higher accuracy in length estimation. 

3.2.2 Correlation Coefficients 

Pearson correlation coefficients (R) and Coefficients of Determination (R²) were 

calculated to quantify the linear relationship and explained variance, respectively, between 

estimated and measured values. A Pearson correlation coefficient (R) close to one 

indicates a strong positive linear correlation. The coefficient of determination (R²) 
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represents the proportion of variance in the measured values that the estimated values can 

explain.  

3.2.3 Regression Analysis for Biomass Prediction 

Building upon the preliminary correlation analysis, regression techniques were employed 

to model the relationship between derived morphological features and measured biomass 

(wet and dry weight). Both linear regression and a non-linear approach were applied using 

eXtreme Gradient Boosting (XGBoost) (Chen & Guestrin, 2016). Linear regression 

provided insights into linear trends for length and volume measurements, while the 

XGBoost method was used to capture more complex, non-linear relationships to predict 

biomass from the image-derived features. 

4. Results 

4.1 OBB Method: Length Estimation Performance 

The OBB method provided precise estimates of linear insect length, closely matching the 

manual linear measurements obtained from the Zeiss photomicroscope, which serve as the 

point of comparison. As detailed in Table 2, this comparison showed a strong positive 

linear correlation (Pearson R = 0.988, R² = 0.976) and low measurement errors (MAE = 

0.211 mm, RMSE = 0.290 mm). We also observed moderate correlations between 

OBB-derived length and specimen weights (Figure 7a, d), specifically with wet weight (R 

= 0.793, R² = 0.630) and dry weight (R = 0.781, R² = 0.610). 
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4.2 Segmentation Method: Performance for Length, Volume, and Biomass Prediction 

The segmentation-based method provided estimates for curvilinear length and volume. The 

relationship between these estimates and measured biomass was evaluated. 

4.2.1 Curvilinear Length Estimation 

The segmentation method estimated the curvilinear body length with high accuracy 

relative to the manual Zeiss spline measurements (ground truth). Table 2 shows a strong 

correlation (Pearson R = 0.976, R² = 0.953) and low error metrics (MAE = 0.309 mm, 

RMSE = 0.408 mm). Correlations between the segmentation-derived curvilinear length 

and biomass were similar to those observed for OBB length (Figure 7b, e), with R = 0.811 

(R² = 0.658) against wet weight and R = 0.792 (R² = 0.627) against dry weight. 

Table 2. Comparison of OBB and Segmentation Length Estimation Accuracy against Zeiss Ground 

Truth Measurements. 

 

4.2.2 Volume Estimation and Correlation with Biomass 

Volume estimates from the segmented body parts exhibited the strongest linear correlations 

with measured specimen biomass among the tested features. Figure 7 (panels c, f) visually 
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Feature / 

Method 

Comparison 

Target  

Pearson R  R² MAE (mm) RMSE (mm) 

OBB linear 

length  

Zeiss linear 

length 

0.988 0.976 0.211 0.290 

Seg curved  

length  

Zeiss curved 

length 

0.976 0.953 0.309 0.408 
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demonstrates these relationships and provides the quantitative metrics. The correlation 

with wet weight was very high (R = 0.938, R² = 0.880), as was the correlation with dry 

weight (R = 0.907, R² = 0.823). These results indicate that volume linearly explains a large 

proportion (82-88%) of this taxon's biomass variance. 

 

Figure 7. This figure compares the linear relationships between three image-derived features (OBB 

linear length, Segmentation curved length, and Segmentation volume) and measured wet weight 

(panels a-c) and dry weight (panels d-f) for 100 specimens. Each panel displays the data points, the 

linear regression fit (black line), key metrics (R, R², RMSE, MAE) for the linear prediction, and 

the regression line equation. 

4.2.3 Biomass Prediction using Regression Models 
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To model the relationship between image-derived metrics and biomass, linear and 

non-linear regression models were employed to predict wet and dry weights using features 

derived from the segmentation method. 

Linear Weight Prediction: The performance of simple linear regression, using each 

image-derived feature individually to predict biomass, is detailed in Figure 7 (panels a-f), 

which displays the Pearson R, R², MAE (g), and RMSE (g) for each relationship. 

Comparing these, segmentation-derived volume yielded the most accurate predictions. For 

wet weight prediction, volume achieved R = 0.938, R² = 0.880, MAE = 0.0049 g, and 

RMSE = 0.0073 g (Figure 7c). For dry weight prediction, it yielded R = 0.907, R² = 0.823, 

MAE = 0.0010 g, and RMSE = 0.0015 g (Figure 7f). Contextually, the contribution of legs 

to total dry weight was assessed in a subset of specimens in Table S3 (Supporting 

Information); dried legs constituted approximately 16.99% of the total dry weight on 

average (standard deviation 4.12%, range 11.07%-25.79%).  

Non-Linear Weight Prediction with XGBoost: An eXtreme Gradient Boosting 

(XGBoost) analysis was conducted to model potential non-linear relationships between 

morphological traits and biomass. Using segmentation-derived volume and length as input 

features, an XGBoost model was trained and optimized using a grid search with five-fold 

cross-validation (hyperparameters included learning_rate, max_depth, gamma). The data 

were divided into 80% training and 20% testing sets, and separate models were developed 

for wet and dry weight predictions. The optimal parameters for the wet weight model 

yielded a test with an R² of 0.780, an MAE of 0.0082 g, and an RMSE of 0.0107 g; for the 

dry weight model, the test set performance included an R² of 0.753, an MAE of 0.0014 g, 

and an RMSE of 0.0019 g. Figure 8 displays 3D scatter plots showing the relationship 
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between the input features and the XGBoost-predicted weights for the training and test 

data. 

 

Figure 8. Non-linear XGBoost models predict wet (left) and dry (right) biomass from combined 

segmentation-derived length and volume features. Plots show predicted weights versus input 

features for the training data (blue points), test data (red points), and the model's predictions on the 

test data (green points). 

5. Discussion 

This study introduces two complementary deep learning methods for the automated 

estimation of insect morphometrics, body length, volume, and derived biomass estimates, 

designed to integrate into modern high-throughput insect analysis pipelines. We developed 

a general Oriented Bounding Box (OBB) method for rapid, adaptable length estimation 

across diverse taxa, and a more specialized instance segmentation approach for detailed, 

taxon-specific morphometric analysis. 
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The OBB method proved highly effective for rapid linear length estimation, achieving 

excellent accuracy (MAE = 0.211 mm, R = 0.988) compared to the manual  Zeiss 

photomicroscope. Its computational efficiency and ability to handle varied specimen 

orientations without complex calibration make it a valuable tool for quickly processing 

large, morphologically diverse samples, such as those from Malaise traps for initial 

size-sorting, or population analyses in large-scale biodiversity surveys. Its reliance on 

overall body shape rather than fine morphological details facilitates its broad applicability, 

as demonstrated by its training on multiple insect orders (Diptera, Hymenoptera, 

Coleoptera) (Appendix B). While OBB-derived length can provide initial biomass 

estimates via established allometries, its primary strength lies in efficient, high-throughput 

length determination. 

Complementing the OBB approach, the segmentation-based method delivers more 

granular morphometric data, including precise curvilinear length and volumetric estimates 

of individual body segments (head, thorax, abdomen). This method demonstrated high 

accuracy for curvilinear length (MAE = 0.309 mm, R = 0.976). Crucially, the strong 

correlations observed between segmentation-derived volume and both wet (R = 0.937) and 

dry (R = 0.907) weight validate its use as a reliable, non-invasive proxy for biomass. Such 

detailed, taxon-specific morphometric data is particularly valuable where the OBB's 

simpler geometry may be insufficient or where deeper biological insights are sought. For 

instance, precise volume measurements are essential for detailed functional trait ecology 

(e.g., linking body composition to metabolic rates), understanding intraspecific variation 

(e.g., sexual dimorphism, developmental changes), assessing population-level responses in 

specific pest or beneficial species, or for soil biodiversity assessment where biomass of 

specific decomposer groups is key. Our validation relied on wet/dry weighing, as standard 
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liquid displacement methods proved insufficiently precise and technically challenging for 

small insects, yielding inconsistent results in our attempts. The weighing protocol provided 

robust, reproducible measurements for comparison. 

Preliminary experiments exploring non-linear modeling (XGBoost) using 

segmentation-derived length and volume showed that these models effectively learned 

relationships with biomass. However, their predictive performance on the held-out test set 

(Wet R² = 0.78, Dry R² = 0.75) did not substantially surpass that of the simpler linear 

model based on volume alone (Wet R² = 0.88, Dry R² = 0.82) for this dataset. This 

suggests that for Tachinidae under these conditions, volume is the dominant predictor, but 

non-linear approaches might offer advantages with more diverse taxonomic data or where 

interactions between morphological features and biomass become more significant. 

Our automated, image-based methods offer significant advantages over traditional 

morphometric techniques, which are often invasive (requiring drying and weighing), 

labor-intensive, time-consuming, and can damage specimens, precluding subsequent 

analyses such as DNA barcoding (Hallmann et al., 2017; Lister & Garcia, 2018). These 

non-destructive approaches preserve specimen integrity, enabling their integration into 

workflows that combine morphological data with molecular analyses (Hartop et al., 2022). 

Compared to other deep learning approaches for biomass estimation, which may rely on 

area-based proxies with limited accuracy across size ranges  (Ärje et al., 2020) or require 

extensive calibration per taxon group (Schneider et al., 2022), our two-pronged strategy 

offers flexibility. The OBB method provides rapid length estimates with minimal 

calibration, while the segmentation approach directly models volume from key body parts, 

offering a path to higher precision for targeted taxa. 

27 

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 27, 2025. ; https://doi.org/10.1101/2025.05.22.655251doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.22.655251
http://creativecommons.org/licenses/by-nc-nd/4.0/


Automated Insect Morphometrics 

The development of specialized, high-precision models, like our segmentation approach, is 

strategically valuable. While requiring taxon-specific training, this is facilitated by our 

modular application design, which allows users to easily test the implemented methods 

and enables seamless updates for adding new segmentation models for additional insect 

families. This modularity is particularly valuable given the typical rank-abundance 

distributions observed in insect communities, such as those collected with Malaise traps, 

where a limited number of dominant families often accounts for the majority of specimens 

(Srivathsan et al., 2023). Developing specialized models for just the ~20 most abundant 

families could enable detailed analyses for approximately 50% of all captured individuals, 

making the creation of family-specific models both feasible and highly impactful. Our 

planned integration of the rapid OBB method with the Entomoscope (Wührl et al., 2024) 

further extends accessibility, potentially enabling real-time morphometric estimation in the 

field and democratizing the technology. 

Despite these strengths, some limitations must be acknowledged. Segmentation 

inaccuracies can occur, especially with obscured parts or unfavorable poses, although they 

are minimized through careful annotation strategies. Measurement variability may arise 

from positioning differences. Working on core body parts while excluding legs 

underestimates total biomass. In fact, our analysis indicates that for tachinids, legs 

represent ~17% of dry weight. We assume a circular cross-section for volume calculation, 

which is efficient for tachinids but might need refinement (e.g., using ellipsoidal models) 

for insects with distinctly different body shapes. 

Overall, the complementary nature of the OBB and segmentation methods presented here 

provides a flexible and powerful toolkit for automated insect morphometrics. These 
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approaches offer scalable, non-invasive solutions that can significantly enhance data 

acquisition for a wide range of ecological and evolutionary studies, paving the way for 

deeper insights into insect biodiversity and function. 

6. Conclusion 

This study successfully developed and validated two complementary automated methods 

for insect morphometric analysis: an OBB-based approach providing rapid and broadly 

applicable length estimation, and a detailed segmentation-based method enabling precise 

curvilinear length and volume analysis. We demonstrated the OBB method's high accuracy 

for linear length and the segmentation method's capacity to estimate volume, which 

strongly correlates with measured biomass, thus serving as a reliable, non-invasive proxy. 

By enabling integration into high-throughput biodiversity analysis pipelines, our methods 

significantly advance traditional approaches by offering accurate, scalable tools that 

preserve specimen integrity. These innovations are pivotal for modern ecological and 

evolutionary research, providing deeper insights into functional ecology, population 

dynamics, trophic interactions, ecological dynamics more broadly, and the impacts of 

global change. The modular and adaptable design, particularly the segmentation approach, 

ensures continued relevance and facilitates future extensions across diverse taxa through 

strategic model development for key groups. 

Future research should focus on refining volume estimation algorithms, expanding training 

datasets taxonomically and morphologically, and integrating the OBB method with 

real-time imaging devices for potential field deployment. Exploring extensions of these 

methods to accommodate images of dried, pinned specimens also presents a promising 
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avenue. Developing user-friendly interfaces and cloud-based processing pipelines will 

further increase accessibility, ensuring these automated morphometric techniques remain 

valuable tools for ecological and evolutionary research. 
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Appendix A: Cubic Spline Interpolation with Three Points 

Calculating the center of gravity of the body parts leads to the three points , 

, and . It is assumed that a parameter  linearly interpolates these points 

with  corresponding to  and  corresponding to . Because of the 

separate interpolation with respect to  and , initially, only the interpolation with  is 

presented. The process for  is analogous. The cubic spline interpolation can be 

formulated as follows: (Plato, 2010) 

Two cubic polynomials for the intervals  and  are defined. For the two 

intervals, the cubic polynomials are given by 

 

 

The coefficients of these polynomials are determined by enforcing continuity and 

boundary conditions. Firstly, the polynomials must pass through the endpoints, which 

leads to 

 

 

Moreover, both polynomials must interpolate the point  at , leading to the 

conditions 

 

To ensure a smooth transition between the two polynomial segments, continuity is imposed 

on the first and second derivatives at . This results in the conditions 

 

Finally, for natural bounding conditions for the splines, the second derivative at the 
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endpoints is set to zero, yielding 

 

Solving this system of linear equations gives the coefficients  and . 

The complete spline curve is then a combination of  on the interval  and 

 on , ensuring a smooth curve through the given points. For the -coordinate 

interpolation, cubic spline interpolation is independently applied using two cubic 

polynomials,  and , corresponding to the intervals  and , 

respectively. This interpolation process for the -coordinates is independent of the 

-coordinate interpolation but follows the same underlying principles. The complete curve 

is represented parametrically as , where  is given by  or , 

and  is similarly determined by the respective spline polynomials for the 

-coordinates in their corresponding intervals. The cubic spline interpolation is solved 

numerically. Several software packages, e.g., MATLAB and Python, provide frameworks 

for solving the interpolation.  

Appendix B: OBB Method Application Across Diverse Arthropod Species 

This appendix provides visual examples illustrating the application of the Oriented 

Bounding Box (OBB) method for length estimation across a diverse selection of insect 

species. 
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Figure S1. Oriented Bounding Box (OBB) length measurements for a selection of insect species. 
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