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ABSTRACT

Accurate  taxonomic  identification  based  on  mammalian
craniodental  features  remains  critical  for  evolutionary,
ecological,  and paleontological  research,  yet  conventional
approaches  are  time-intensive  and  demand  expert  input.
To overcome these limitations, a deep learning framework,
HISNET-FF,  was  developed  with  a  dual-stream
architecture that integrates global  cranial  morphology with
local diagnostic signals from teeth and auditory bullae. The
model operates within a hierarchical classification pipeline,
processing from genus-level discrimination to species-level
resolution.  Evaluation  on  an  extensive  image  dataset
encompassing  51  species  across  18  genera  of  Talpidae
achieved  exceptional  accuracy  at  both  the  genus
(99.6%±0.4%)  and  species  (96.5%±1.3%)  levels.  This
species-level  performance  substantially  exceeded  that  of
single- stream models employing either flat (91.2%±2.3%)
or  hierarchical  (93.9%±2.1%)  strategies.  To  support  end-
to-end automation, a YOLO-based annotation module was

implemented  to  localize  key  morphological  traits  with
97.8% recall,  97.9% precision,  and  81.5% mean  average
precision  (mAP@[.50:.95]).  Incorporating  this  module
incurred only a marginal reduction of 1.9% in identification
accuracy.  Thus,  HISNET-FF offers  a  robust  and  accurate
framework  that  accelerates  morphology-based  species
identification  and  enables  automated  taxonomic
classification,  with  strong  potential  for  broader
implementation  across  diverse  biological  research
domains.
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 INTRODUCTION

Taxonomic classification serves as a foundational pillar across
biological  disciplines,  from  biodiversity  monitoring  and
conservation  management  to  evolutionary  biology  and
genomics.  However,  the  field  faces  significant  challenges  in
the 21st century (Britz et al., 2020), driven by a global decline
in trained taxonomists (Wägele et al., 2011) and an escalating
need for accurate and scalable species identification. Although
DNA  barcoding  has  transformed  molecular  systematics  and
species delimitation (Moritz  & Cicero,  2004),  there remains a
critical  demand  for  high-throughput,  morphology-based
technologies  capable  of  delivering  precise  taxonomic
resolution, particularly when genetic material is unavailable or
degraded (Orr et al., 2021).
In  mammalian  systematics,  particularly  within  speciose

small  mammal  groups  such  as  rodents,  bats,  and
eulipotyphlans,  craniodental  morphology  has  long  served  as
the primary diagnostic foundation. Pioneering work by Thomas
Oldfield  (Hinton,  1929)  formally  established the  utility  of  skull
and  dental  traits  in  species  discrimination.  Notably,  unlike
external traits, which often show high intraspecific variation or
convergence  among  distinct  taxa,  the  fine-scale  anatomical
features  of  the  cranium  and  dentition  provide  consistent  and
reliable  characters  for  resolving  species  boundaries  (Dayan
et al., 2002).
Species  identification  frameworks  have  traditionally  relied

on  either  qualitative  assessment  of  discrete  morphological
traits  or  quantitative  approaches  such  as  traditional
morphometrics, which are based on linear measurements, and
geometric  morphometrics,  which  capture  complex  shape
variations  using  landmark-based  methods  (Mutanen  &
Pretorius,  2007).  These  techniques  remain  indispensable,
particularly  for  paleontological  contexts  where  cranial  and
dental  remains  frequently  represent  the  only  preserved
material. However, morphology-based identification requires a
high  level  of  expertise  and  labor-intensive  protocols,  limiting
the  pace  and  scale  of  modern  taxonomic  research  (Zamani
et al., 2022).
In  recent  years,  deep  learning  (DL)  has  emerged  as  a

transformative  tool  for  classification  tasks  across  scientific
domains  (Lecun  et al.,  2015),  including  biological  taxonomy
(Badirli  et al.,  2023;  Valan  et al.,  2019).  This  advance  has
been driven largely by Convolutional Neural Networks (CNNs),
which established a new paradigm for  image-based analysis.
A  pivotal  milestone  occurred  in  2012,  when  AlexNet
surpassed  traditional  classifiers  such  as  support  vector
machines (SVMs) and random forests (RFs) in the ImageNet
Large  Scale  Visual  Recognition  Challenge  (ILSVRC)
(Krizhevsky et al.,  2012). This achievement demonstrated the
profound ability of CNNs to extract diagnostic representations
directly  from  raw  pixel  data,  establishing  these  models  as  a
powerful  framework  for  morphology-based  species
identification.  Such  capacity  holds  promise  not  only  for
taxonomic  research  but  also  for  ecological  and  evolutionary
studies  that  rely  on  accurate  morphological  classification
(Fortelius  et al.,  2002;  Lyons  et al.,  2016).  Although
substantial  progress  has  been  achieved  for  plants  and
invertebrates  using  external  morphology  (Lee  et al.,  2015;

Zhao  et al.,  2023),  applications  to  vertebrates,  especially
mammals,  remains  scarce  (Gill  et al.,  2024).  Existing  studies
are often limited in scope, focusing on discrimination among a
small  number  of  closely  related  genera  or  species  (Miele
et al., 2020; Pinho et al., 2023).
Our  recent  work  introduced  HIS-NET,  a  CNN-based

framework that achieved genus- and species-level accuracies
of  95%  and  90%,  respectively,  within  Talpidae  (He  et al.,
2025).  Gradient-weighted  Class  Activation  Mapping  (Grad-
CAM)  confirmed  that  the  model  correctly  focused  on
taxonomically informative cranial regions. However, heatmaps
also  indicated  reliance  on  restricted  skull  areas,  with  limited
exploitation  of  fine-grained  diagnostic  information  encoded  in
dentition,  highlighting  an  opportunity  for  methodological
enhancement.
Feature  fusion  integrates  complementary  representations

derived  from  multiple  sources  or  perspectives  to  improve
classification performance (Caci et al., 2013; Dai et al., 2021).
In  image  classification,  this  strategy  commonly  combines
“global”  descriptors  that  capture  overall  structure  with  “local”
descriptors  that  capture  fine  anatomical  detail,  thereby
strengthening  predictive  accuracy  (Peng  et al.,  2021).  This
dual-scale  integration  has  produced  substantial  gains  in
diverse applications, including tree species recognition, where
fusion  of  bark  and  leaf  features  improved  accuracy  by
approximately 10 percentage points (Bertrand et al., 2018).
In  this  study,  a  new  hierarchical  species  identification

network incorporating feature fusion, termed HISNET-FF, was
established.  The network  employs a  dual-stream architecture
to  independently  encode  cranial  morphology  and  localized
traits  from  teeth  and  auditory  bullae,  followed  by  joint
embedding  integration.  Given  that  dental  and  auditory  bullae
morphology encode subtle,  species-specific traits,  this design
was  expected  to  enhance  taxonomic  resolution  relative  to
single-stream  models.  The  framework  was  evaluated  using
Talpidae to demonstrate improvements in species recognition
accuracy. In parallel, a YOLO-based object detection pipeline
was  implemented  to  automate  annotation  of  key  diagnostic
features,  including  teeth  and  auditory  bullae,  thereby
streamlining  the  annotation  of  diagnostic  structures  and
facilitating  more  efficient  morphology-based  species
identification.

 MATERIALS AND METHODS

 Specimen accession and photography
This  study  focused  on  the  mammalian  family  Talpidae,
comprising  19  genera  and  68  recognized  species  worldwide
(Burgin  et al.,  2025).  The  image  dataset  was  consistent  with
the  protocol  described  in  He  et al.  (2025).  Specimens  were
photographed  in  natural  history  museums  located  in  China,
Japan,  Germany,  Vietnam,  and  the  United  States.  A
standardized  photography  protocol  was  applied  across  all
sites.  Images were  captured  using  a  DSLR camera  mounted
on  a  fixed  stand.  Each  specimen  was  placed  on  a  level
platform positioned 10–30 cm below the  lens.  A  bubble  level
was  used  on  both  the  camera  and  the  platform  to  ensure  a
consistent perpendicular perspective. To minimize shadowing
of  diagnostic  features—especially  dentition—two  adjustable
lights were positioned on both sides of the cranium and angled
downwards  at  approximately  60°.  To  account  for  lighting
variability  across  institutions,  the  F-stop  (f/13–f/23)  and  ISO
(200–1250) settings of the camera were manually adjusted to
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produce  consistent  image  quality  and  exposure.  Specimens
with  uncertain  identification  were  excluded.  A  total  of  747
ventral-view cranial photographs were obtained, including 674
intact  and  73  partially  damaged  specimens,  representing  18
genera  and  51  species  (including  putative  taxa;
Supplementary  Appendix  I).  The  number  of  photographs  per
species ranged from three to 48 (Supplementary Table S1).

 Data annotation, processing, and augmentation
Each  cranial  image  was  annotated  with  genus,  species,  and
museum voucher information.  For  compatibility  with the deep
learning  architecture,  all  images  were  cropped  and
symmetrically  padded  with  black  pixels  to  generate
standardized  square  inputs  (Supplementary  Figure  S1).  The
full dataset was then partitioned into training (594 images) and
testing  (153  images)  subsets  at  an  8:2  ratio,  yielding  the
baseline dataset CA0.
Given the diagnostic importance of tooth and auditory bulla

morphology  in  talpid  taxonomy,  a  specialized  dental  image
dataset  (TA0)  was  constructed  through  a  multi-step  process.
Using  LabelImg  v1.8.6,  rectangular  bounding  boxes  were
manually  placed  around  each  individual  tooth  and  auditory
bulla.  Teeth  were  identified  and  categorized  based  on
standard  dental  formulae  (Wilson  &  Mittermeier,  2018)  as
incisors  (I1−I3),  canine  (C1),  premolars  (P1−P4),  and  molars
(M1−M3).  Cropped  bounding  box  regions  were  then
reassembled  onto  a  new  canvas,  preserving  original  spatial
relationships  through  coordinate  mapping  (Supplementary
Figure  S1).  While  adjacent  bounding  boxes  occasionally
overlapped  during  annotation,  the  final  composite  images
contained  distinct,  non-overlapping  placements.  Resulting
composites  were  square-padded  and  added  to  the  TA0
dataset, which was subsequently split into training and testing
sets at an 8:2 ratio (Supplementary Table S2).
To  mitigate  overfitting  and  enhance  model  generalization,

progressive image augmentation strategies were implemented
(Maharana  et al.,  2022).  The  dataset  CA0  was  initially
expanded five-fold (CA5) using rotation (90°), Gaussian noise
addition,  random  information  dropout,  and  random  cropping
(200  pixel  coverage),  resulting  in  2  970  images.  A  further
expansion to 10-fold (CA10) was achieved by introducing 45°
rotations,  brightness  and  hue  adjustments,  horizontal
translation  (100  pixels),  and  local  patch  rotations  across  four
quadrants,  yielding  5  940  images.  Final  augmentation
generated a 20-fold dataset (CA20) by applying 180° and 270°
rotations,  dual  random  dropout,  complex  noise  types  (salt-
and-pepper,  Poisson),  saturation  and  contrast  shifts,  vertical
translation (100 pixels), and enhanced random cropping (300-
pixel  coverage),  producing  11  880  images.  Identical
augmentation  protocols  were  applied  to  the  dental  dataset,
resulting  in  a  10-fold  expanded  version  (TA10)
(Supplementary  Table  S2).  All  specimens  underwent
augmentation under uniform conditions.
Reflecting  the  inherent  imbalance  of  natural  history

collections,  the  dataset  exhibited  considerable  disparity  in
species representation, with image counts per species ranging
from three to 48 and 15 species represented by five or fewer
specimens. To assess the impact of this imbalance on model
performance  for  underrepresented  species  (less  than  five
specimens),  a  balanced  training  dataset  (CA-EQ)  was
constructed.  This  was  achieved  through  differential
augmentation,  where  rare  species  received  augmented
images  expansions  ranging  from  six-fold  to  50-fold,

standardizing  representation  across  species  to  between  100
and 250 training images (Supplementary Table S3).

 Feature fusion model architecture
Cranial images encode broad structural variation across taxa,
while the teeth and auditory bullae harbor localized traits that
often  determine  species  boundaries.  To  effectively  integrate
these complementary dimensions of morphological features, a
dual-stream  neural  architecture  was  constructed  to  perform
hierarchical  feature  fusion.  The  architecture  comprises  three
sequential modules (Figure 1). The feature extraction module
utilizes  two  independent  and  parallel  convolutional  streams.
One  stream  processes  the  entire  cranial  image  to  extract
global  morphological  descriptors,  while  the  second  stream id
dedicated to capturing fine-grained features from the teeth and
auditory bullae.  Each branch independently  encodes its  input
into a high-dimensional representation. These two outputs are
integrated  in  the  feature  fusion  module  using  intermediate-
level  concatenation.  Specifically,  each  feature  map  is  pooled
and  flattened  into  a  vector,  and  the  two  vectors  are  then
concatenated  end-to-end  to  form  a  unified  feature
representation  that  combines  global  cranial  context  with
localized  dental  and  auditory  information.  The  resulting
composite vector is passed to the classification module, which
performs  species  identification  based  on  the  fused
morphological embedding.

 Feature extraction module
To  determine  the  most  effective  convolutional  backbone  for
morphological  feature  extraction,  a  comparative  evaluation
was  conducted  using  the  10-fold  augmented  cranial  dataset
(CA10).  Several  state-of-the-art  architectures were assessed,
including  EfficientNetB0  (Tan  &  Le,  2019),  ResNet50  (Targ
et al.,  2016),  ShuffleNetV2 (Zhang et al.,  2018),  MobileNetV2
(Howard,  2017),  MnasNet  (Tan  et al.,  2019),  GoogleNet  (Al-
Qizwini et al., 2017), DenseNet121 (Iandola et al., 2014), and
Vision  Transformer-Large  with  32×32  patch  size  (ViT-L/32)
(Zhai  et al.,  2022).  Image  resolution  was  standardized  to
224×224 pixels for both training and testing datasets to ensure
consistent  computational  efficiency.  All  networks  were
initialized with ImageNet-pretrained weights (Krizhevsky et al.,
2012)  and  fully  fine-tuned  on  the  training  dataset.
Performance  was  evaluated  using  Top-1  accuracy
(Supplementary  Text).  EfficientNetB0  achieved  the  highest
performance  in  this  benchmark,  with  an  accuracy  of  88.9%,
surpassing other networks by 1.3% to 10.5% (Supplementary
Table S4 and Figure S2).
Subsequent  evaluation  focused  on  the  entire  EfficientNet

series  (B0–B7),  which  scales  depth,  width,  and  resolution  to
capture  increasingly  fine-grained  image  detail  (Tan  &  Le,
2019).  After  evaluating  each  model  with  its  recommended
image  resolution,  the  most  complex  model,  EfficientNetB7
(EB7),  achieved the  highest  accuracy  and was thus  selected
as  the  feature  extractor  for  all  subsequent  modules
(Supplementary Table S4 and Figure S2).
To optimize augmentation intensity, EB7 was trained on four

datasets  representing  different  augmentation  levels:  CA0  (no
augmentation),  CA5  (five-fold  augmentation),  CA10  (10-fold
augmentation),  and  CA20  (20-fold  augmentation).  Peak
accuracy  (91.5%)  was  achieved  with  both  CA10  and  CA20
(Supplementary  Figure  S3),  while  the  balanced  dataset  (CA-
EQ)  provided  no  further  gain  (90.8%).  Due  to  comparable
performance  and  lower  computational  burden,  the  10-fold-
augmented  CA10  dataset  was  selected  for  all  downstream
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tasks.
The  core  architecture  of  EB7  consists  of  eight  sequential

stages.  The  initial  “Stem”  convolutional  block  captures
fundamental  image  patterns  such  as  edges  and  gradients.
This  is  followed  by  seven  compound  stages  composed  of
repeated  Mobile  Inverted  Bottleneck  Convolution  (MBConv)
blocks  (Figure  1C).  As  data  flow  through  the  subsequent,
more  complex  blocks,  low-level  features  are  progressively
integrated  into  high-level  semantic  representations,  such  as
specific  tooth  morphologies.  These  layers  culminate  in  a
Swish  activation  function  applied  to  the  output  of  the  final
MBConv  block.  The  feature  tensor  is  immediately  extracted
following  this  terminal  activation.  The  resulting  2560×15×15
tensor  encodes  a  condensed,  high-dimensional  summary  of
taxonomically  informative  visual  features  for  subsequent
fusion and classification.

 Feature fusion module
To  test  the  hypothesis  that  integrating  global  cranial
morphology with localized dental  and auditory features would
improve accuracy, a dedicated fusion module was constructed
to  combine  the  paired  feature  tensors  generated  by  EB7

(Figure  1D).  Each  2  560×15×15  tensor  was  first  reduced  to
2  560×1×1  via  global  average  pooling,  collapsing  spatial
dimensions  while  preserving  the  most  important  global
information.  These  pooled  outputs  were  then  reshaped  into
one-dimensional  vectors of  length 2  560 (flattened)  to  enable
downstream  processing.  Each  feature  value  was  passed
through  a  Rectified  Linear  Unit  (ReLU)  activation  function
(Agarap, 2018), defined as:

f (x) = max (, x) (1)
which  retains  positive  values  and  sets  negative  values  to

zero.  This  nonlinearity  enables  the  network  to  capture
complex and biologically relevant morphological relationships.
Following  activation,  feature  values  were  normalized  using
MinMaxScaler  to  adjust  them  to  the  range  [0,  1],  ensuring
numerical stability and harmonization across feature channels.
Finally, the two normalized vectors were concatenated to form
a  unified  5120-dimensional  feature  representation  that  jointly
encodes  both  global  cranial  and  local  diagnostic  information.
This  composite  vector  was  then  used  to  train  a  lightweight
classification module for taxonomic prediction.

 

Figure 1  Architecture and workflow of the HISNET-FF model

The framework operates on a single ventral  cranial  image through a sequential,  multi-stage pipeline. A: Data preprocessing converts the original
image into  two  distinct  inputs:  a  full  cranial  image capturing  global  morphology  and  a  composite  image encoding  localized  traits  from teeth  and
auditory bullae. B: Core network processing routes these inputs into a dual-stream architecture, where features are extracted in parallel, integrated
through  fusion,  and  forwarded  for  classification.  C:  Feature  extraction  in  each  stream  is  performed  using  an  EfficientNetB7-based  architecture,
producing  a  2  560×15×15  feature  tensor  per  stream.  D:  Feature  fusion  applies  pooling,  flattening,  and  activation  to  both  tensors,  followed  by
concatenation into a unified 5 120-dimensional feature vector. E: Classification is carried out by a multi-layer perceptron (MLP), which produces the
final  taxonomic  assignment.  F:  Hierarchical  identification  proceeds  in  two  stages:  an  initial  network  resolves  genus-level  identity,  followed  by  a
genus-specific network for species-level classification within polytypic genera.
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 Classification module
To  identify  the  most  effective  classifier  for  final  taxonomic
prediction,  eight  candidate  algorithms  were  evaluated  using
the fused 5 120×1 feature vectors derived from the CA10 and
TA10  datasets.  These  included  logistic  regression,  decision
tree,  random  forest,  multinomial  and  Gaussian  Naïve  Bayes
classifiers,  support  vector  machine  (SVM),  single-layer
perceptron (SLP), and multi-layer perceptron (MLP). The SLP
architecture,  as  implemented  in  EfficientNet,  comprises  a
Dropout  layer  and  a  fully  connected  layer  (Tan  &  Le,  2019).
MLP  extends  this  structure  by  incorporating  two  additional
ReLU activations,  an  additional  Dropout  layer,  and  a  second
fully  connected  layer  (Kruse  et al.,  2022;  Figure  1F).  During
this  evaluation,  the  EB7  feature  extraction  layers  remained
frozen to isolate classifier performance, and their weights were
not updated during training. Among all tested classifiers, MLP
achieved  the  highest  accuracy  (93.5%),  outperforming  all
other  classifiers,  which  ranged  from  92.8%  to  69.9%
(Supplementary Figure S4). Based on this result, the MLP was
selected as the final classification module.

 Hierarchical structure for identification
To  account  for  the  taxonomic  structure  of  Talpidae,  in  which
seven  of  the  18  studied  genera  are  polytypic  (comprising
multiple  species),  a  hierarchical  classification  pipeline  was
implemented.  This  sequential  design  first  resolves  genus
identity then refines species-level classification within polytypic
groups.  The  process  begins  with  a  primary  genus-level
classifier  trained  to  discriminate  among  all  18  genera.  Each
input  image  is  initially  assigned  to  the  most  probable  genus.
For monotypic genera, this step concludes the identification. In
cases  were  the  assigned  genus  contains  multiple  species
(e.g., Euroscaptor, Talpa), the image is subsequently routed to
a  genus-specific  classifier  trained  exclusively  on  that  group.
Seven  specialized  species-level  classifiers  were  constructed,
each  restricted  to  a  single  polytypic  genus  (Figure  1F).  This
hierarchical  architecture  introduces  the  risk  of  error
propagation,  as  an incorrect  genus-level  prediction precludes
accurate  species  assignment.  However,  the  genus-level
model achieved 99.6% accuracy (see Results), indicating that
such  misclassification  events  are  rare  and  unlikely  to  impact
overall performance.

 Model training, implementation, and validation
To  leverage  robust,  pre-existing  feature  representations,  all
models  were  initialized  with  pre-trained  weights  from  the
ImageNet  dataset  (Krizhevsky  et al.,  2012).  Fine-tuning  was
subsequently conducted on the project-specific datasets. This
procedure  was  applied  independently  to  the  baseline  flat
species-level  classifiers,  the  genus-level  classifiers  with  the
hierarchical  framework,  and  seven  genus-specific  species-
level classifiers corresponding to each polytypic lineage.
During  training,  model  parameters  were  optimized  using

Stochastic  Gradient  Descent  (SGD),  an  iterative  algorithm
designed to  minimize prediction error  through gradient-based
updates.  Training  proceeded  50  epochs,  with  the  entire
training dataset presented to the model in each epoch. Images
were  processed  in  mini-batches  of  16.  After  each  batch,
network  parameters  were  adjusted  to  improve  accuracy.  A
dynamic  learning  rate  was  employed,  beginning  at  0.01  and
decayed  every  10  epochs  by  a  factor  of  0.8  using  a  StepLR
scheduler.  To mitigate overfitting and promote generalization,
dropout  regularization  was  applied  during  training,  which
randomly  ignored  50%  of  the  network  neurons  during  each

training  step  (Supplementary  Table  S4).  For  classification
modules  such  as  SLP and  MLP,  the  dropout  rate  was  set  to
0.7.  All  model  training  and  inference  were  conducted  on  a
GeForce RTX 3090 GPU (VRAM 24GB) within a Conda v.23.3
environment running Python v.3.9.
To  evaluate  the  performance  of  the  hierarchical  feature

fusion  network,  two  single-modality  baseline  models  were
implemented:  one  trained  exclusively  on  cranial  images
(CA10)  and  the  other  on  dental  composites  (TA10).  These
baseline models were evaluated under both flat and two-step
hierarchical  classification strategies to isolate the contribution
of  hierarchical  structure  itself.  To evaluate  the consistency of
network  performance  and  reduce  the  impact  of  data
partitioning,  a  five-fold  cross-validation  approach  was
employed.  The  selection  of  k=5  was  made  to  accommodate
dataset  imbalance,  particularly  the  presence  of  rare  species
with fewer than five specimens. This design ensured that each
test  fold  contained  sufficient  representation  of
underrepresented taxa, thereby stabilizing accuracy estimates
(Wong  &  Yeh,  2020).  In  each  iteration,  the  dataset  was
partitioned  into  five  equal  subsets,  with  one  subset  used  for
testing and four for training.
To  further  assess  performance  sensitivity,  analyses  were

conducted  to  examine  how  variation  in  sample  size  and
specimen  integrity  influenced  identification  accuracy.
Correlation  analyses  were  performed  using  three  machine
learning regression models:  Decision Tree (Kotsiantis,  2013),
Gradient Boosting (Bentéjac et al., 2021), and Random Forest
(Paul et al., 2018).

 Object detection-based automatic annotation of teeth and
auditory bullae
To  automate  the  labor-intensive  annotation  of  dental  and
auditory  structures,  an  object  detection  pipeline  was
constructed  using  the  YOLOv5  architecture  (Jocher  et al.,
2022;  Zhang  et al.,  2025)  with  the  aim  to  replicate  manual
annotation processes with high fidelity and scalability.
A  ground-truth  dataset  (DS0)  was  first  established  by

manually  annotating  all  594  cranial  training  images  using
LabelImg.  Each  image  was  labeled  with  distinct  bounding
boxes  for  every  individual  tooth  and  auditory  bulla.  To
enhance  model  robustness  and  generalization,  this  dataset
was  expanded  10-fold  through  data  augmentation  to  create
DS10.  Augmentation  methods  included  mirroring  (up-down,
left-right, and mixed), random interpolation resizing (600×600,
960×960,  and  1  600×1  600  pixels),  90°  rotations  (clockwise
and  counterclockwise),  and  Gaussian  noise  injection  (Wan
et al.,  2023).  Notably,  the  YOLO framework  does  not  require
image cropping during training or testing.
Model  performance  was  evaluated  using  standard  object

detection  metrics,  including  precision,  recall,  and  mean
average  precision  (mAP)  (Supplementary  Text).  Evaluation
proceeded  in  two  stages.  First,  several  pre-trained  YOLOv5
variants  were  benchmarked  at  a  standardized  640×640
resolution  to  identify  optimal  architecture.  YOLOv5x,  the
largest  variant,  demonstrated  the  best  overall  performance
and was selected for further tuning (Supplementary Table S5).
Second,  given  that  object  detection  accuracy  is  highly
sensitive to input resolution, the selected YOLOv5x model was
benchmarked  across  a  range  of  resolutions  ranging  from
640×640 to 1 600×1 600. The 1 280×1 280 resolution achieved
the  highest  score  on  the  comprehensive  mAP@[.50:.95]
metric  (81.5%)  with  minimal  loss  in  recall  and  was  thus
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adopted  as  the  operational  setting  (Supplementary  Table  S5
and Figure S5).
Finally,  the  trained  YOLOv5x  model  (1  280×1  280

resolution) was then applied to the cranial test set to generate
bounding  box  predictions.  These  predicted  coordinates  were
then  used  to  construct  a  new  automatically  annotated  dental
dataset  (DT0),  following  the  same  crop-and-stitch  procedure
used  for  the  manually  annotated  TA0  dataset.  To  evaluate
downstream  impact  of  this  automated  workflow,  species
identification  performance  was  compared  between  models
using DT0 and their original counterparts trained on TA0. This
included  both  teeth-only  and  dual-stream  fusion  networks,
allowing  direct  assessment  of  the  impact  of  automated
annotation on final classification accuracy.

 RESULTS

Identification accuracy was assessed independently for cranial
(CA10) and dental  (TA10) datasets using the EB7 backbone,
and  in  combination  with  the  dual-stream  feature  fusion
network.  Flat  classifiers  trained  on  cranial  and  dental  inputs
achieved mean accuracies of  90.5%±1.6% and 91.2%±2.3%,
respectively.  The  flat  feature  fusion  model  yielded  a  slightly
higher  accuracy  of  92.5%±1.8%,  although  the  improvement
did  not  reach  statistical  significance  (paired  t-test:  P>0.06)
(Table 1).
Under  hierarchical  classification,  all  models  demonstrated

exceptional genus-level accuracy, with the HISNET-FF model
achieving the highest accuracy (99.6%±0.4%; Supplementary
Table  S6).  At  the  species  level,  all  three  hierarchical  models
outperformed  their  flat  counterparts,  with  accuracy  gains
ranging  from  2.0%  to  4.0%  (paired  t-test:  EB7-cranium,
P=0.021;  EB7-teeth,  P=0.008;  HISNET-FF,  P=0.0035).
HISNET-FF  maintained  consistently  high  performance
(mean=96.5%±1.3%;  Figure  2),  significantly  outperforming
both  the  hierarchical  cranium-based  model  (P=0.027)  and
teeth-based model (P=0.029). This superior performance was
consistent  across  all  seven  polytypic  genera,  with
misclassification  patterns  visualized  in  confusion  matrices
(Figure 3).
To explore the mechanism underlying the superior accuracy

of  HISNET-FF,  misclassification events were analyzed based
on five-fold cross-validation (Supplementary Table S7). A total
of  26  misidentified  specimens  were  recorded  out  of  747
specimens, all from within polytypic genera, predominantly the
talpine  groups  Euroscaptor  and  Mogera,  suggesting  that
subtle  interspecific  morphological  overlap  may  have

contributed  to  classification  errors.  Comparative  analysis
indicated that  HISNET-FF consistently  corrected errors made
by single-modality  models:  in  all  but  two cases where one of
the  single-modality  models  yielded  a  correct  identification,
HISNET-FF  did  so  as  well.  Notably,  five  specimens
misclassified  by  both  EB7-cranium  and  EB7-teeth  models
were  correctly  identified  by  HISNET-FF,  underscoring  the
added value of feature fusion.
To  evaluate  potential  bias  against  underrepresented  taxa,

identification accuracy was correlated with  sample size using
Spearman’s  rank  correlation.  No  significant  negative
association  was  detected  (Spearman's  ρ=–0.188,  P=0.187),
indicating  good  model  generalization  despite  inherent  data
imbalance. Among the 14 species represented by six or fewer
specimens,  all  but  one  (Uropsilus  nivatus,  80%  accuracy)
were  classified  without  error  (Supplementary  Table  S8),
supporting the robustness of the framework to limited sample
availability.
Approximately  10%  of  cranial  specimens  from  museum

collections exhibited partial damage, typically due to the use of
snap  traps  during  collection.  HISNET-FF  achieved  91.6%
accuracy  on  damaged  specimens,  compared  to  97.0%  on
intact  ones  (Supplementary  Table  S9  and  Figure  S6),
indicating  a  modest  but  noticeable  accuracy  reduction.
Despite  this,  HISNET-FF  substantially  outperformed  the
corresponding  EB7-cranium  and  EB7-teeth  models,  which
yielded 80.8% and 78.1% accuracy, respectively, on the same
damaged subset.
To  assess  the  joint  impact  of  sample  size  and  specimen

condition  on  accuracy,  correlation  analyses  were  performed
using  three  machine  learning  regressors:  decision  tree,
gradient boosting, and random forest. While each factor alone
exhibited  weak  correlation  with  classification  accuracy
(R2<0.3; Supplementary Table S10), their combined influence
yielded higher explanatory power (R2>0.4), with the strongest
interaction  observed  for  the  HISNET-FF  and  cranial-based
models (R2>0.5).

 Automatic  annotation  of  teeth  enhances  workflow
efficiency in species identification
To streamline  the  annotation  of  dental  and  auditory  features,
YOLOv5  was  implemented  for  automated  detection  of  teeth
and  auditory  bullae.  Among  the  evaluated  architectures,  the
YOLOv5x  variant  operating  at  1  280×1  280  resolution
exhibited the highest performance (Supplementary Figure S7)
and was selected for  downstream application.  This optimized
model  achieved  a  precision  of  97.9%,  recall  of  97.8%,  and

Table 1  Species  identification  accuracy  obtained  using  EB7  trained  separately  on  cranial  and  dental  datasets,  as  well  as  dual-stream
feature fusion model integrating both modalities
 

EB7-cranium accuracy (%) EB7-teeth accuracy (%) Feature fusion accuracy (%)
Flat identification All species 90.5±1.6 91.2±2.3 92.9±1.8
Hierarchical identification All genera 98.8±0.9 98.3±1.2 99.6±0.4

All species 93.9±2.1 93.2±2.4 96.5±1.3
Euroscaptor (nine spp.) 79.7±2.9 75.1±8.5 88.3±6.1
Mogera (nine spp.) 89.0±3.6 89.0±6.0 93.2±3.7
Parascaptor (three spp.) 92.7±7.4 94.70±4.4 96.4±8.1
Scapanus (four spp.) 98.0±4.5 98.0±4.5 98.0±4.5
Scaptonyx (three spp.) 79.7±6.3 86.4±2.2 91.1±4.1
Talpa (seven spp.) 100.0±0.0 96.3±3.2 100.0±0.0
Uropsilus (five spp.) 93.3±7.0 88.3±13.9 95.0±7.2

Both flat and hierarchical strategies were used for identification; bold indicates accuracy obtained using HISNET-FF
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mAP@[.50:.95]  of  81.5%  (Supplementary  Table  S5).  The
lowest  recall  rates  were  observed  for  the  auditory  bullae
(95.8%),  second  upper  premolar  (P2,  96.8%),  and  second
upper incisor (I2, 96.9%)—a trend likely reflecting the fragility

of  auditory  bullae  and  the  small  size  of  I2  and  P2
(Supplementary Table S11).
To  evaluate  the  downstream  impact  of  this  automated

annotation  strategy,  species  identification  accuracy  was

 

Figure 2  Comparison of species-level identification accuracy among hierarchical models, including feature-fusion network (HISNET-FF)
and single-modality models (EB7-cranium and EB7-teeth) based on five-fold cross-validation

Bars represent accuracy values for individual folds, and horizontal lines represent mean accuracy across all folds for each model.

 

Figure 3  Confusion matrix heatmaps illustrating species-level identification performance of HISNET-FF across seven polytypic genera

Each panel corresponds to a representative test set for one genus, highlighting characteristic misclassification patterns. Color intensity reflects per-
species identification accuracy.
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compared  between  network  configurations  trained  on
manually annotated dental images (TA0) and those generated
via the automated YOLOv5x pipeline (DT0).  For  HISNET-FF,
automated  annotation  yielded  a  final  accuracy  of  93.5%,
representing  a  marginal  decrease  from  the  95.4%  achieved
with  manual  annotation.  This  difference  was  attributable  to
three  additional  misclassifications  unique  to  the  automated
dataset,  while  all  seven  errors  from  the  manual  set  were
replicated  in  the  automated results.  This  modest  reduction  in
performance  was  consistent  across  all  tested  network
configurations (Figure 4).
To  assess  the  broader  applicability  of  the  YOLOv5x

automatic  annotation  framework,  the  model  was  tested  on  a
phylogenetically  diverse  set  of  insectivorous  mammals  not
included in training. This external test set included the recently
described  talpid  mole  (Alpiscaptulus  medogensis),  five
hedgehogs  (Erinaceidae),  five  shrews  (Soricidae),  one  tree
shrew  (Scandentia),  and  three  afrotherian  taxa.  The  model
successfully  detected  92.0%  of  teeth  and  auditory  bullae
across  this  dataset  (Supplementary  Figure  S8),  although
labeling  accuracy  declined  markedly  (recall=0.46,
precision=0.41, mAP@0.5=0.39, mAP@[.50:.95]=0.33).

 DISCUSSION

The  results  of  this  study  demonstrated  that  integrating  a
hierarchical  classification  pipeline  with  a  dual-stream  feature
fusion  architecture  substantially  enhanced  species-level
classification  from  craniodental  morphology,  overcoming
inherent  limitations  of  standard  single-stream  convolutional
networks  in  complex  morphological  identification.  Such
models  often  fail  to  resolve  global  cranial  architecture  while
capturing  fine-grained  dental  features,  frequently  missing
critical diagnostic elements such as cusps, crests, and cingula
(Lin  et al.,  2021;  Singha  et al.,  2024).  The  dual-stream
architecture  developed  here  overcomes  these  limitations  by
creating  a  multi-scale  morphological  representation  that
combines global  and local  features within a unified predictive
framework.

Multiple  lines  of  evidence  support  the  efficacy  of  this
approach.  Grad-CAM  heatmaps  confirmed  that  cranium-only
models  were  effectively  blind  to  the  dental  region,
underscoring  the  need  for  a  dedicated  feature  channel  to
capture  taxonomically  informative  structures  (Supplementary
Figure  S9).  Error  analysis  further  revealed  that  the  fusion
model  successfully  integrated  complementary  information
across  modalities,  not  only  reinforcing  correct  predictions
when  one  input  modality  was  sufficient  but  also  resolving
ambiguous  cases  where  both  single-modality  models  failed
(Supplementary  Table  S7).  Furthermore,  HISNET-FF
maintained  high  classification  accuracy  even  for
underrepresented  taxa,  correctly  identifying  13  of  the  14
species  represented  by  six  or  fewer  images.  This  suggests
that the architecture is not compromised by class imbalance, a
feature  potentially  enhanced  by  transfer  learning  from  large-
scale  image  datasets  such  as  ImageNet.  However,  further
targeted  analyses  are  required  to  validate  generalization
performance on rare taxa with high morphological similarity.
By  integrating  spatially  distinct  diagnostic  features  within  a

hierarchical  prediction  structure,  HISNET-FF  achieved
superior  performance  across  complex  taxonomic  boundaries.
This  distinguishes  it  from  previously  developed  models,
including  the  EfficientNet-based  HIS-NET  (He  et al.,  2025),
which  relied  on  multiple  cranial  and  mandibular  views  per
specimen.  Unlike  HIS-NET,  the  current  model  employs  a
single-image  workflow  and  attains  superior  accuracy  through
deep  feature  fusion  rather  than  increased  view  sampling.
Given  its  high  performance  on  Talpidae,  HISNET-FF  holds
promise for broader application to other speciose mammalian
clades,  such  as  Rodentia,  Chiroptera,  and  Primates,  where
detailed craniodental  morphology serves as a primary axis of
taxonomic differentiation.
The success  of  the  feature-fusion  framework  establishes  a

foundation for several promising directions in future research.
A  logical  next  step  involves  integrating  the  complementary
advantages  of  the  previously  developed  multi-view  HIS-NET
with the current HISNET-FF model into a more comprehensive
multi-view  feature  fusion  architecture  using  a  multi-task
learning  strategy  (Liu  et al.,  2019).  Such  a  model  would
concurrently process dorsal, ventral, and lateral cranial views,
enabling construction of a more holistic and spatially informed
morphological  representation.  In  parallel,  the  annotated
regions could  be expanded beyond teeth and auditory  bullae
to  include  additional  taxonomically  informative  structures.
Dental  features  themselves  could  be  hierarchically
decomposed  into  subcomponents,  such  as  the  trigonid,
talonid,  or  even  individual  cusps,  to  enhance  diagnostic
resolution.  Achieving  a  truly  integrative  taxonomic
identification system will  likely  require moving beyond image-
based  fusion  alone.  Incorporating  more  advanced
architectures, such as Large Language Models (LLMs), could
facilitate  the  integration  of  heterogeneous  data  streams,
including  morphometric  features,  genetic  sequences,
geographic distributions, and ecological traits (Pyron, 2023).
Although  the  current  framework  offers  high  accuracy  in

classifying  known  species,  it  remains  constrained  within  a
supervised  learning  paradigm.  Expanding  its  capabilities  to
support Novel Category Discovery (NCD) represents a critical
advancement  (Vaze  et al.,  2022).  This  would  enable  the
system  to  not  only  classify  recognized  taxa  but  also  identify
morphologically  anomalous  or  previously  undescribed
specimens,  thus  shifting  its  utility  from  species  identification

 

Figure 4  Comparison  of  species  identification  accuracy  using
manually versus automatically annotated dental images

Grouped  bar  chart  displays  final  accuracy  across  four  model
configurations.  For  each  configuration,  accuracy  was  compared
between  dental  inputs  generated  via  manual  annotation  and  those
generated by the automated YOLOv5x pipeline.
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toward active taxonomic discovery (Badirli et al., 2023).
The  automated  annotation  module  developed  using

YOLOv5x  proved  to  be  a  highly  effective  and  practical
component  within  the  overall  classification  pipeline.  When
applied  to  species  identification,  automated  annotations
produced  a  final  accuracy  of  93.5%,  representing  a  minor
decrease  relative  to  the  95.4%  achieved  through  labor-
intensive manual labeling. This marginal trade-off in accuracy
was  offset  by  substantial  gains  in  efficiency  and  scalability.
Importantly,  most  misidentifications occurred between closely
related,  congeneric  species,  while  genus-level  accuracy
remained high at 99.6%. Although this level of error warrants
caution  in  formal  taxonomic  revision,  it  is  well  within
acceptable  bounds  for  large-scale  ecological  and
macroevolutionary  studies,  where  genus-level  resolution  is
often  sufficient.  Furthermore,  as  previously  discussed,
remaining  classification  errors  could  likely  be  mitigated  by
incorporating  complementary  data  streams  such  as  DNA
sequences  and  geographic  distribution  within  a  multimodal
framework.
Performance  benchmarking  of  the  automated  annotation

tool  on  previously  untrained  insectivorous  mammals  further
highlighted  its  potential  and  its  current  limitations.  While  the
model  proved  highly  effective  at  localizing  craniodental
features, detecting 92% of teeth and auditory bullae, its ability
to  assign  specific  positional  labels  to  these  structures  was
limited (precision: 41%; recall: 46%). This performance drop is
attributable not to architectural constraints, but to the restricted
taxonomic  scope  of  the  training  dataset,  which  was  based
exclusively  on  talpids.  Incorporating  a  diverse  array  of
annotated specimens from other key mammalian orders (e.g.,
rodents,  bats,  shrews),  should  enable  the  YOLOv5  model  to
learn  the  broader  spectrum  of  dental  formulas  and
morphologies  required  for  high-accuracy,  cross-clade
generalization.
The  broader  implications  of  this  automated  framework  are

substantial. Evolutionary and ecological studies frequently rely
on  extensive  specimen  datasets,  yet  progress  is  often
constrained  by  the  laborious  manual  effort  required  for
accurate  morphological  identification  (Pineda-Munoz  et al.,
2021;  Saarinen  &  Lister,  2023).  By  demonstrating  robust
performance  in  a  morphologically  challenging  taxonomic
group,  the  proposed  approach  offers  a  pathway  toward
scalable,  automated  species  identification,  which  will,  in  turn,
facilitate  high-throughput  morphological  workflows  and
accelerate large-scale, data-driven biodiversity research.

 DATA AVAILABILITY
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