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Motivation: Change in Bird Populations and Biodiversity

Souce: Rosenberg, K. V., Dokter, A. M., Blancher, P. J., Sauer, J. R., Smith, A. C., Smith, P. A., ... & Marra, P. P. (2019). Decline of the North American avifauna. Science, 366(6461), 
120-124. https://www.science.org/doi/10.1126/science.aaw1313 

Continuous loss of biodiversity
○ There is a sharp decline of bird 

populations in recent decades
○ Birds are important - they interconnect 

habitats, resources, and ecological 
processes

○ Birds are early warning bioindicators of 
an ecosystem’s health

Bird species monitoring in time / space
○ Traditionally achieved by human 

experts, acoustic or visual observation
○ More recently: microphones recording 

audio for later analysis;
Drawback: huge data amounts, time 
delay until results become available Fig.: Net loss of 2.9 billion breeding birds in North America 

https://www.science.org/doi/10.1126/science.aaw1313
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Bird@Edge: Edge AI System

● Bird@Edge Mic
○ Record audio in local proximity
○ Stream audio wirelessly

● Bird@Edge Station
○ Create audio chunks from incoming stream 
○ Perform bird species recognition for multiple 

Bird@Edge Mics
○ Transmit results to backend for further analysis

● Bird@Edge Server
○ Grafana-based Dashboards
○ Dynamic visualization of recognition results

Fig. 1: Overview over the Bird@Edge system
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Bird@Edge Hardware:
Components and Features

Bird@Edge Mic
○ ESP32 @ 80 MHz, Bluetooth, WiFi
○ Knowles I2S SPH0645LM4H Microphone
○ Step Down Converter, 18650 Li-Ion Cell
○ 22€ - 50€, <= 500 grams

Bird@Edge Station
○ NVIDIA Jetson Nano
○ RTL8812BU-based WiFi
○ Huawei E3372H LTE modem
○ 12V / 5V Step-Down Converter
○ ~110€, <= 1.5 kilograms

Fig. 2: Bird@Edge hardware components
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Bird@Edge Hardware:
Prototypes for Field Experiments
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Bird@Edge Software

Bird@Edge Mic
○ Built using the ESP-IDF Framework
○ Connects to WiFi SSID BirdEdge
○ Announces service via mDNS
○ WiFi Connection check via ICMP (Ping)

Bird@Edge Station
○ Based on Jetson Nano Development Kit 

OS (Ubuntu Linux Distribution)
○ Runs Bird@Edge Daemon
○ Searches for new Bird@Edge Mics, 

manages processing pipeline

Bird@Edge Server
○ InfluxDB as time series database
○ Grafana for visualization Fig. 3: Bird@Edge software components
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Bird@Edge Model: Recognizing Bird Species in Soundscapes 

Data Sets (82 Central European bird species)
○ Marburg Open Forest
○ Xeno-Canto 
○ iNaturalist

Pre-processing 
○ Select 44.1 kHz as the sampling rate  
○ Random selection of 5 second snippets 
○ Noise augmentation with realistic background 

sounds 
○ Transformation of audio snippets into visual 

representations via Short-time Fourier 
transform (STFT)

Table 1: Overview of the training and test data.

Fig.: Log-Mel-Spectrogram
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Bird@Edge Model: Recognizing Bird Species in Soundscapes 

Model Architecture
○ Deep Convolutional Neural Networks (CNNs)
○ EfficientNet-B3 (pre-trained on ImageNet)
○ Trade-off between runtime and performance  

Training 
○ Two-phase training on GPU server
○ Supervised optimization 
○ Optimization using focal loss  
○ TensorFlow deep learning framework 

[Abbildung CNN?]

Fig.: Model architecture



Distributed Systems Group - University of Marburg 9

Bird@Edge Model: Optimization and Deployment 

Optimization
○ Nvidia TensorRT1

○ Apply quantization (FP32 → FP16)
○ Reduce inference time while maintaining 

accuracy

Inference
○ Nvidia DeepStream SDK2

○ Upscale to multiple live input streams 
○ Apply highpass filter to reduce noise 
○ Inference on input data using the 

NvInferaudio Gstreamer plug-in 
Fig. 4: Overview of the Bird@Edge processing pipeline

1 https://developer.nvidia.com/tensorrt 
2 https://developer.nvidia.com/deepstream-sdk 

https://developer.nvidia.com/tensorrt
https://developer.nvidia.com/deepstream-sdk
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Bird@Edge Model: Experimental Evaluation

Quality
○ Similar performance for server & edge model
○ Better average precision (AP) results compared 

to BirdNET and BirdNET-Lite¹ on species that 
occur in Germany   

Runtime 
○ Low inference runtime using Jetson Nano GPU 
○ 10 ms runtime reduction using the optimized 

CNN model   

Table 2: Results (mAP)

Table 3: Model inference runtimes

¹ https://github.com/kahst/BirdNET-Lite 

https://github.com/kahst/BirdNET-Lite
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Experimental Evaluation:
Visualization of Bird Species Recognition Results

Automatically generated graph of 
recognized bird species

○ Data from a single Bird@Edge Mic
○ x: Time / y: Confidence of recognition

Observations:
○ Several occurrences of Coccothraustes 

coccothraustes (hawfinch) in two clusters
○ Picus canus (grey-headed woodpecker) 

detected in one cluster in the middle
○ Sitta europaea (Eurasian nuthatch) is 

detected in two clusters (start and end)

More complex analysis can be performed 
in the cloud, e.g., on multiple stations.

Fig. 5: Grafana panel (x-axis: clock time; y-axis: recognition confidence) 
showing recognized bird species of a certain Bird@Edge Mic, based on 
Xeno-Canto file XC706150, recorded by user brickegickel

https://xeno-canto.org/706150
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Experimental Evaluation: Power Consumption

Applicability of system is limited by 
power consumption aspects

Bird@Edge Station
○ Custom low power profile for Jetson
○ Power requirement: ~3.16 W
○ 12V Battery @ 100 Ah: ~14 days
○ Continuous operation:: 50-100 W solar 

panel

Bird@Edge Mic
○ Power requirement: ~0.49 W
○ 3.3V Li-Ion Battery @ 3500 mAh:

~27.6 hours
○ Continuous operation: 10 W solar panel

Fig. 6: Power consumption of a Bird@Edge Station in a dynamic scenario.
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Conclusion

Bird@Edge: Edge AI system for recognizing bird 
species in audio recordings to support real-time 
biodiversity monitoring

○ EfficientNet-B3 architecture, optimized for 
execution on NVIDIA Jetson Nano

○ 95.2% mean average precision,
outperforms state-of-the-art BirdNET

○ Low power demand of 3.18 W (Station) and 
0.492 W (Mic)

○ Software components are open source: 
https://github.com/umr-ds/BirdEdge 

Future Research
○ Self-supervised learning to leverage unlabeled 

data recorded in the fields
○ Real-world long-term test of Bird@Edge

https://github.com/umr-ds/BirdEdge
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Bird@Edge:
Bird Species Recognition at the Edge

Thank You!

Questions & Discussion:
● Jonas Höchst <hoechst@uni-marburg.de>
● Hicham Bellafkir <hicham.bellafkir@uni-marburg.de>

https://github.com/umr-ds/BirdEdge
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