Improving Bird Image Classification By Combining Visual And Language-Based Learning Approaches

Jane Yang, Marco Vizcarra, Adem Rimpapa

Department of Computer Science, Stanford University

Stanford
Computer Science

Project Overview Methods & Experiments _ Results

e Motivation: Fine-grained bird species classification Visual-only approach: Overall results:
° . . . . e 5
frpmolmages.ls e§sent|al fgr ecc?loglcal conservation, N . N BEm Top-1Accuracy EEE Top-5 Accuracy  EEEE Macro-Fl
wildlife monitoring, and biological research, but is a N — —
. L eh - i 98.34 ; .
difficult task Full image 100 94.82

(different species are visually similar) Ebexcrop Fine head
o High intra-class variation | Inas dasses)

. .« o . . |

(individuals of same species can look different) >

60 -

e Challenges: o e
o High inter-class similarity ¥h' ol

&

Percent

Concat

e Prior work directions: Nn— - Heed rop features 40
o Visual-only methods with enhancements bbox + part annotations »} — >
(attention, feature selection/enhancement) g 20
. Wing/back crop Coarse head
o Multimodal methods 1 (coarse taxonomy)
(vision, language, metadata, habitat data, etc.) —>  } — 0- . .
. . . . e ResNet-50 ConvNeXt Best SigLIP Fusion of
e Our Idea: Combine vision and language approaches bodhitall o (Baseline) ConvNeXt + Best SigLIP
e Problem statement: . : :
. . . + - -to- , ; ; .
o Input: 2D RGB image of a bird Training: ConvNeXt backbone + classification heads are fine-tuned end-to-end SigLIP ablation study:
(+ optional text: class name/visual description) Vision-language approach: BEE Top-1 Accuracy W Top-5 Accuracy ~ WEE Macro-F1

o Output: predicted species classc € {1, ..., C}

96.51 97.19 97.44 97.57 98.88

100 - 95.01 95.21
Dataset & Metrics £ &—'E e l 80 -

e NABiIrds: 48,562 images of 555 North American ol T ey 2 60
bird species | - [ Similarity ]—» —| sigmoid =
o 20,339 Train/3,590 Validation/24,633 Test "‘g,‘:fkbj‘:;'_.‘_’?rk S 1038 = age
o Contains bounding boxes and part annotations DR I
1 . reen and orange head ... SiQUP 2
* Example 'Mage: ? . : . ) text encoder Textual logits =
Large, sloping orange bill, T
white back and black K
underparts ...” 0-
bbox crop Human expert species Prompt Attributes Hybrid  Hybrid-short Label-photo Label Label
O descriptions only only prompt (SO400M, 384px)
S evel ? ' SigLIP training: Vision side trained, text side frozen and optimized with pairwise sigmoid loss. : : :
. | Misclassification . ..
. E les Ground Truth Class Prediction Class
& i Fusion approach: o - Xxamp
‘ | s; = Alogsoftmax(¢;" ) + (1 — A) log softmax(£; ) Hutton's Vireo Ruby-crowned Kinglet
Discussions & Future Research . SigllP
Misclassifications
Observations:
Class label: Eared Grebe (Nonbreeding/juvenile) e Combining visual-only + text-based methods with lightweight fusion improves accuracy
compared to individual methods — Fusion top-1 accuracy is close to state-of-the-art!
e FEvaluation metrics: e Class label alone is best text input, additional visual descriptions hurt performance
o Top-k accuracy, k € {1, 5} e Misclassifications are still reasonable (visually similar classes) ConvNeXt
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