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Complex-Valued Neural Networks
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𝑧1 = 𝑥1 + 𝑗𝑦1
Real-Valued

❑ Complex Input

❑ Complex Weights

❑ Complex activation functions 𝑓 𝑧 = 𝑔 𝑥 + 𝑗ℎ 𝑦 (Type A)

𝑓 𝑧 = 𝑔 𝑧 𝑒𝑗𝑎𝑟𝑔 𝑧 (Type B)

[1] Kuroe et al. “On Activation Functions for Complex-Valued Neural Networks” 2003
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What is a real-equivalent network? [1]

                                                    

                                                  Input Layer ϵ ℂ Hidden Layer ϵ ℂ Output Layer ϵ ℝ

ቊ
5 ∗ 2 = 10ℂ = 20ℝ

10 ∗ 2 = 20ℝ

ቊ
5 ∗ 5 = 25ℂ = 50ℝ

10 ∗ 10 = 100ℝ

[1] Mönning et al. “Evaluation of Complex-Valued Neural Networks on Real-Valued 

Classification Tasks” 2018.

Complex Network

Real Network
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𝑁𝑖
ℝ = 𝑟 𝑁𝑖

ℂ, 1 ≤ 𝑟 < 2

Solution to: 𝑡𝑝 = 𝑟𝑁0𝑁1
ℂ + σ𝑖=1

𝐾−1 𝑟2𝑁𝑖
ℂ𝑁𝑖+1

ℂ + 𝑟𝑁𝐾
ℂ𝑁𝐿

                                                                    Input Layer ϵ ℂ                          Hidden Layer ϵ ℂ                       Hidden Layer ϵ ℂ Output Layer ϵ ℝ

[1] Mönning et al. “Evaluation of Complex-Valued Neural Networks on Real-Valued 

Classification Tasks” 2018.

[1]

[2]

Equivalent in terms of trainable weights
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Oberpfaffenhofen PolInSAR database

European Space Agency (esa) 𝑆(𝑖) = 𝑆𝐻𝐻
𝑖

, 2𝑆𝐻𝑉
𝑖

, 𝑆𝑉𝑉
𝑖

𝑇
, 𝑖 ∈ [1, 2]

𝑘 𝑖 =
1

2
𝑆𝐻𝐻

𝑖
+ 𝑆𝑉𝑉

𝑖
, 𝑆𝐻𝐻

𝑖
− 𝑆𝑉𝑉

𝑖
, 2𝑆𝐻𝑉

𝑖
𝑇

Interferometric 

Polarimetric 

Coherency matrix

• ℂ6×6 Hermitian

• Real-valued diagonal

• Total 21 values

𝑇 =
1

𝑛


𝑗

𝑛

𝑘𝑗𝑘𝑗
𝐻 , 𝑘 = [𝑘 1 𝑇 , 𝑘 2 𝑇]

Experimental Data

https://earth.esa.int/web/polsarpro/data-sources/sample-datasets


Circularity: Model Architecture
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Model:
• Loss: Categorical cross-entropy

• Weight initialization: Glorot uniform

• SGD (Stochastic Gradient Descent)

• Learning rate 0.1

• Wirtinger Derivative

Simulation:
• 100 trials each 

model

• 300 epochs

• Batch size 100

Complex-Valued Multi-Layer Perceptron

[1] Kuroe et al. “On Activation Functions for Complex-Valued 

Neural Networks” 2003

Dataset:
• 8% train set

• 2% validation 

set

• 90% test set

Complex-Valued Neural Network for Classification Perspectives

CVNN RVNN

Output Size 3 3

Input Size 21 42

First Hidden Layer 100 *

Second Hidden 

Layer Size

50 *

Dropout 50% 50%

Activation Function ReLU Type A [1] ReLU

Output Activation Softmax over 

absolute value

Softmax

* Equivalent RVNN: 2 Hidden Layer
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C o     l. “P x l-Wise PolSAR Image 

Classification via a Novel Complex-

V l    D    F ll  “ 2019

90.02±0.56

89.36±1.30Table I: Validation Accuracy (%)
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Ground TruthCVNN RVNN



Thank you!
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