3+ % %% - ARDSWC-114-081

R? ALFERIRE SRR
BEREV I ZEFALESL T
Residual slope susceptibility analysis

based on integrated CNN-Transformer

network

HFE R L F
oA H O FI114%227 18p % 114# 12 % 31 p

T oA 4 iR PR
oy oA R CERE Ay

REFRFFERZ KT EFEFE SEr
dERF 114 £ 12 8

\\\?{r

(A4FL TP E22RHBPREFEICL L TEAESREY)






B AIFEEI-BESHRBEUNZIBHTY S 2
A B ERAST

* &

SRR P RFEHETORRBLEFHSESIIFLZEFT
RERAE AL G FH Fp RAHBRE TG FRFALPE LK
BERMfALIEFORG - FEFH LG A2 TFIH
BEFPRRER R A5 P21 BRIFOHEHT BH e B

S BT B RHAERE AR AE o d 0 S il B

%"
=
s
N
-

Do S22 Flf G BR FREE R e p] o R4 MBI LR
1B s g e AR PRI S A A
B2 0 g % 8 L2 ¥4 g (Convolution Neural Network)
% & kg ¥ (Transformer) > 2 kA 47 A B 2 A > W e * 0

= Ay Y A R » N = g NER11 N 27 s g
BLRABTIFEGHEERE MDA FE I LTI TR ERF

“@;‘aﬁﬂ > *l;af'%‘ %ﬁ}é "’“‘?#ﬁ%, ﬁﬁgsl N 4;»/«;&2



Residual slope susceptibility analysis

based on integrated CNN-Transformer network

Abstract

Residual slope refer to geomorphic features where bedrock is exposed
or residual soil and debris have accumulated as a result of natural slope
failure processes. These residual deposits, if characterized by substantial
volumes of unstable colluvium, may serve a primary source zones for
subsequent debris flows triggered by intense rainfall events, thereby posing
significant risks to downstream areas. As such, they represent a critical
challenge for watershed management and hazard mitigation. Given the
inaccessibility of many mountainous areas and the increasing frequency of
extreme precipitation events driven by climate change, the severity and
unpredictability of landslide and debris flow hazards have escalated. In
response, this study proposes an innovative artificial intelligence—based
framework for the assessment of residual slope hazards. Specifically, it
integrates Convolutional Neural Networks (CNNs) and Transformer-based
transfer learning techniques to develop a predictive model for evaluating
the potential activity of residual slope. This methodology is designed to
support systematic inventory mapping and activity assessment of residual
slope in mountainous terrain, thereby enhancing early warning capabilities

and informing sediment disaster prevention strategies.

Keywords: Residual Slope, Artificial Intelligence (AI), Convolutional
Neural Network (CNN), Transformer, Sediment disaster
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INPUT DATA
Transient: Time-series X
Static: Features S
Labels: Y

l

Data Preprocessing

l

Transformer Encoder
Multi-head Attention (MHA)
Feed-Forward Network (FFN)

Residual + Layer Norm

Merge Static + Transient

!
F Output Logits ﬂ

LOSS FUNCTION VALIDATION
Cross-entropy Loss Evaluate Accuracy
between logits & Tdl on Validation set
PARAMETER TEST
UPDATE Evaluate Accuracy
Compute Gradients on Test
(digradient)
Update params
with Adam
R
| Repeat Epochs
TEST

Evaluate Accuracy on Test
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Embedding dimension: 64

Number of Attention Heads: 4
Dimension of feed-forward hidden: 128
Number of encoder layers: 3

Number of Epochs: 25

Minimum of Batch Size: 32

Learning Rate: 1e-3

TIT ~ H05% 4 0 B 4078 (2 A2.5°)

% transformer_static_transient_final

% Single-file Transformer classifier for MATLAB (R2024b compatible).

% Uses dlarray and custom training loop — no custom layer classes required.
% Inputs:

% - Synthetic dataset with static variables + transient (time-series) variables
% - Trainable Transformer encoder (implemented with dlarray ops)

% Usage:

% Save this file as transformer_static_transient_final.m

% In MATLAB: transformer_static_transient_final

clear; close all; rng(0);

% %

% Synthetic dataset setup
%

numSamples = 1200;

seqLen = 50; % time steps

numTransientChannels = 2; % channels per time step
numStaticFeatures = 4;

numClasses = 4;

% Preallocate

X_transient = zeros(numSamples, seqLen, numTransientChannels, 'single');
X static = zeros(numSamples, numStaticFeatures, 'single');

Y = zeros(numSamples,1);

% Generate synthetic signals where class depends on transient + static

for i=1:numSamples

-34



i

t = linspace(0,1,seqLen);
% channel 1: sinusoid with class-dependent freq
freq =2 + randi(4);
chl =sin(2*pi*freq*t) + 0.15*randn(1,seqLen);
% channel 2: chirp or noise depending on class
if rand < 0.7
ch2 = chirp(t,1,1,10) + 0.1*randn(1,seqLen);
else
ch2 = 0.5*randn(1,seqLen);
end
X_transient(i,:,1) = chl;
X_transient(i,:,2) = ch2;
% static features: small vector correlated with random class index
cls = randi(numClasses);
base = (cls-1) * 0.4;
X_static(i,:) = base + 0.2*randn(1,numStaticFeatures);
Y(i) = cls;
end
% normalize transient per sample
for i=1:numSamples
s = squeeze(X_transient(i,:,:));
s = (s - mean(s,'all")) / (std(s,0,'all') + 1e-6);
X_transient(i,:,:) = s;
end
% shuffle and split
perm = randperm(numSamples);
X_transient = X_transient(perm,:,:);
X_static = X_static(perm,:);
Y =Y(perm);
nTrain = round(0.7*numSamples);
nVal =round(0.15*numSamples);
Xtr_seq = X_transient(1:nTrain,:,:); Ytr =Y(1:nTrain);
Xva_seq = X_transient(nTrain+1:nTrain+nVal,:,:); Yva = Y(nTrain+1:nTrain+nVal);

Xte_seq = X_transient(nTrain+nVal+1:end,:,:); Yte =Y(nTrain+nVal+1:end);

Xtr_stat =X_static(1:nTrain,:); Xva_stat =X_static(nTrain+1:nTrain+nVal,:); Xte_stat =
X_static(nTrain+nVal+1:end,:);

%%
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% Model hyperparameters

%

dModel = 64; % embedding dimension
numHeads = 4; % attention heads

dFF = 128; % feed-forward hidden dim
numEnc = 3; % number of encoder layers

numEpochs = 25;
miniBatchSize = 32;

learnRate = 1e-3;

% %
% Initialize parameters
% (all parameters stored in struct 'params' as dlarray single)

Y

params = initParams(dModel, numHeads, dFF, numEnc, numTransientChannels,
numStaticFeatures, numClasses);
% Adam optimizer state
pnames = fieldnames(params);
adam.m = struct(); adam.v = struct();
for k=1:numel(pnames)
adam.m.(pnames{k}) = zeros(size(params.(pnames{k})),'like',params.(pnames{k}));
adam.v.(pnames{k}) = zeros(size(params.(pnames{k})),'like',params.(pnames{k}));
end
betal = 0.9; beta2 = 0.999; epsAdam = 1e-8;
iteration = 0;

%%

% Training loop

Y%

numBatches = floor(nTrain/miniBatchSize);
for epoch=1:numEpochs
fprintf('"Epoch %d/%d\n', epoch, numEpochs);
% shuffle training set
idx = randperm(nTrain);
Xtr_seq = Xtr_seq(idx,:,:); Xtr_stat = Xtr_stat(idx,:); Ytr = Ytr(idx);
for b=1:numBatches
iteration = iteration + 1;
batchldx = (b-1)*miniBatchSize + (1:miniBatchSize);
Xb_seq = Xtr_seq(batchldx,:,:); % [BxTx C]
Xb_stat = Xtr_stat(batchldx,:); % [B x S]
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Yb = Ytr(batchldx); % [Bx1]
% dlarray formatting:
% transient: channels x seqLen x batch -> (C x T x B)
Xdl = dlarray(permute(Xb_seq,[3,2,1]), 'CBT");
% static: features x batch (S x B)
Sdl = dlarray(Xb_stat',CB');
% labels one-hot: classes x batch
T = onehotencode(categorical(Yb), 2); % expand along 2nd dim (columns)
Tdl = dlarray(T"); % transpose to [numClasses x B]
% forward + gradients
[loss, grads, logits] = difeval(@modelLoss, params, Xdl, Sdl, Tdl, dModel, numHeads,...
dFF, numEnc);
% Adam update
fields = fieldnames(params);
for f=1:numel(fields)
name = fields{f};
g = grads.(name);
m = adam.m.(name); v = adam.v.(name);
m = betal*m + (1-betal)*g;
v =Dbeta2*v + (1-beta2)*(g.*g);
mHat = m/(1-betal*iteration);
vHat = v/(1-beta2*iteration);
params.(name) = params.(name) - learnRate * mHat ./ (sqrt(vHat) + epsAdam);
adam.m.(name) = m; adam.v.(name) = v;
end
if mod(iteration,20)==0
probs = softmax(extractdata(gather(logits)),1);
[~pred] = max(probs,[],1); [~ truec] = max(extractdata(gather(Tdl)),[],1);
acc = mean(pred==truec);
fprintf(' Iter %d: Loss %.4f, Batch Acc %.2f% %\n', iteration, ...
double(gather(extractdata(loss))), acc*100);
end
end
% validation
valAcc = evaluateModel(params, Xva_seq, Xva_stat, Yva, dModel, numHeads, dFF,
numEnc);
fprintf(' Validation Accuracy: %.2f% %/\n', valAcc*100);

end

37



Bt A1 ERI-ZEEF RV ERTY S AR ES ST

% %
% Test
%

testAcc = evaluateModel(params, Xte_seq, Xte_stat, Yte, dModel, numHeads, dFF, numEnc);
fprintf("\nTest Accuracy: %.2f% %\n', testAcc*100);

IV ~ #2578 p 28 function

function acc = evaluateModel(params, X seq, X_stat, Y, dModel, numHeads, dFF, numEnc)
numSamples = size(X_seq,1);

correct = 0;

for i = l:numSamples
% Prepare dlarray
x = dlarray(permute(X_seq(i,:,:), [3 2 1]), 'CBT"); % CxTxB
s = dlarray(X_stat(i,:)', 'CB'); % SxB
logits = transformerForward(params, x, s, dModel, numHeads, dFF, numEnc);
[~,pred] = max(extractdata(gather(logits)), [], 1);
if pred == Y(i)
correct = correct + 1;
end

end

acc = correct / numSamples;
end
function params = initParams(dModel, numHeads, dFF, numEnc, numTransientChannels, numStaticFeatures, numClasses)
% embed transient channel -> dModel (applied per timestep)
params.Win = dlarray(initializeGaussian([dModel, numTransientChannels]));
params.bin = dlarray(zeros(dModel, 1,'single"));
% static projector: static vector -> dModel
params.Wstatic = dlarray(initializeGaussian([dModel, numStaticFeatures]));
params.bstatic = dlarray(zeros(dModel,1,'single"));
% encoder layers params
for I=1:numEnc
params.(['Wq ' num2str(1)]) = dlarray(initializeGaussian([dModel, dModel]));
params.(['Wk ' num2str(1)]) = dlarray(initializeGaussian([dModel, dModel]));
params.(['Wv_' num2str(1)]) = dlarray(initializeGaussian([dModel, dModel]));

params.(['Wo ' num2str(1)]) = dlarray(initializeGaussian([dModel, dModel]));
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params.(['In] _gamma ' num2str(1)]) = dlarray(ones(dModel,1,'single"));
params.(['In]_beta ' num2str(1)]) = dlarray(zeros(dModel, 1,'single'));
params.(['W1_'num2str(1)]) = dlarray(initializeGaussian([dFF, dModel]));
params.(['b]l ' num2str(1)]) = dlarray(zeros(dFF,1,'single"));
params.(['W2_' num2str(1)]) = dlarray(initializeGaussian([dModel, dFF]));
params.(['b2 ' num2str(1)]) = dlarray(zeros(dModel,1,'single"));
params.(['In2_gamma ' num2str(l)]) = dlarray(ones(dModel,1,'single"));
params.(['In2_beta ' num2str(1)]) = dlarray(zeros(dModel, 1,'single'));
end
% output head
params.Wout = dlarray(initializeGaussian([numClasses, dModel]));
params.bout = dlarray(zeros(numClasses, 1,'single'));
end
function [loss, grads, logits] = modelLoss(params, Xdl, Sdl, Tdl, dModel, numHeads, dFF, numEnc)
% Forward pass

logits = transformerForward(params, Xdl, Sdl, dModel, numHeads, dFF, numEnc);

% Compute cross-entropy loss

loss = crossentropy(logits, Tdl,'DataFormat','CB");

% Compute gradients
grads = dlgradient(loss, params);
end
function A = initializeGaussian(sz)
scale = 0.02;
A = single(scale*randn(sz));
end
function Y = layerNorm(X, gamma, beta, epsilon)
% X:dModel x Tx B
% gamma, beta: learnable scaling and bias, size [dModel x 1]
% epsilon: small number to avoid divide-by-zero
if nargin <4
epsilon = le-5;
end
% Compute mean and variance along feature dimension (rows)
mu = mean(X, 1); %1xTxB
sigma2 = var(X, 0, 1); %1xTxB
% Normalize

Xhat = (X - mu) ./ sqrt(sigma2 + epsilon);
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% Apply scale and shift
Y = gamma .* Xhat + beta; % broadcasting gamma, beta along T x B
end

% Model Gradients

%

function [grad, loss] = modelGradients(net, d1Xs, dIXt, Y)
outputs = forward(net, d1Xs, dIXt);
Y = onehotencode(Y,1)';
loss = crossentropy(outputs, Y, "TargetCategories","independent");
grad = dlgradient(loss, net.Learnables);
end
function out = multihead Attention(params, x, layerldx, numHeads)
% x: dModel x Tx B
[dModel, T, B] = size(x);

dk = dModel / numHeads;

% Linear projections

Wq = params.(['Wq_' num2str(layerldx)]);
Wk = params.(['Wk ' num2str(layerldx)]);
Wy = params.(['Wv_' num2str(layerldx)]);

Wo = params.(['Wo ' num2str(layerldx)]);

% Flatten batch for linear layers

xflat = reshape(x, dModel, T*B);

Q = Wq*xflat; K = Wk*xflat; V = Wv*xflat;

% Reshape to [dk x numHeads x T x B]
Q = reshape(Q, dk, numHeads, T, B);
K = reshape(K, dk, numHeads, T, B);

V = reshape(V, dk, numHeads, T, B);

% Output container

attnOut = zeros(dModel, T, B, 'like', x);

forb=1:B
for h = 1:numHeads
Qh = squeeze(Q(:,h,:,b))'; % T x dk
Kh = squeeze(K(:,h,:,b))’; % T x dk
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Vh = squeeze(V(:,h,:,b)); % T x dk

% Attention scores

scores = Qh * Kh'/ sqrt(dk); % T x T

% Softmax along rows (classic numeric)

weights = exp(scores) ./ sum(exp(scores), 2); % T x T

% Attention output

att = weights * Vh; % T x dk

% Assign back, merge heads
attnOut((h-1)*dk+1:h*dk, :, b) = att'; % dk x T
end

end

% Final linear projection

attnOut = reshape(attnOut, dModel, T*B);
out = Wo * attnOut;

out = reshape(out, dModel, T, B);

end

%% Positional encoding (sin/cos) dModel x T

function P = positionalEncoding(dModel, T)
P = zeros(dModel, T, 'single');
forp=1:T
for i = 1:dModel
if mod(i-1,2) =0
P(i,p) = sin((p-1) / (100007((i-1)/dModel)));
else
P(i,p) = cos((p-1) / (10000~((i-2)/dModel)));
end
end
end
P = dlarray(P);
end
%  Transformer Encoder Block Constructor

%
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function layerGraphOut = transformerBlock(name, dModel, numHeads, dff)
import matlab.internal.lang.capability.Capability

import nnet.cnn.layer.®

mha = multihead AttentionLayer(numHeads, dModel, ...

Name=name+" mha");

Inl = layerNormalizationLayer(Name=name+" In1");

In2 = layerNormalizationLayer(Name=name+" In2");

ffn=[
fullyConnectedLayer(dff, Name=name+" fc1")
reluLayer(Name=name+" relu")

fullyConnectedLayer(dModel, Name=name+" fc2")

IK

layerGraphOut = layerGraph([
additionLayer(2, Name=name+" addl")

additionLayer(2, Name=name+" add2")

Ds

layerGraphOut = addLayers(layerGraphOut, mha);
layerGraphOut = addLayers(layerGraphOut, Inl);
layerGraphOut = addLayers(layerGraphOut, In2);

layerGraphOut = addLayers(layerGraphOut, ffn);

% Skip connection 1
layerGraphOut = connectLayers(layerGraphOut, name+" mha/out", name+" addl/inl");

layerGraphOut = connectLayers(layerGraphOut, name+" Inl/out", name+" add1/in2");

% FFN skip connection
layerGraphOut = connectLayers(layerGraphOut, name+" fc2","add2/in1");
layerGraphOut = connectLayers(layerGraphOut, name+" In2","add2/in2");

end

function logits = transformerForward(params, Xdl, Sdl, dModel, numHeads, dFF, numEnc)
[C, T, B] = size(Xdl);
% input embedding (per timestep)
Xflat = reshape(Xdl, C, T*B); % Cx (T*B)

E = params.Win * Xflat + params.bin; % dModel x (T*B)
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E = reshape(E, dModel, T, B); % dModel x Tx B
% positional encoding
pos = positionalEncoding(dModel, T); % dModel x T
pos = reshape(pos, dModel, T, 1);
x =E + pos; % broadcast pos
% encoder stack
for I = 1:numEnc
attOut = multihead Attention(params, x, 1, numHeads);
x = layerNorm(x + attOut, params.(['In]l gamma ' num2str(l)]), params.(['In]_beta ' num2str(1)]));
y = fullyConnect(x, params.(['W1 ' num2str(1)]), params.(['b] ' num2str(1)]));
y = gelu(y);
y = fullyConnect(y, params.(['W2 ' num2str(1)]), params.(['b2 ' num2str(1)]));
x = layerNorm(x + y, params.(['In2_gamma ' num2str(1)]), params.(['In2_beta ' num2str(1)]));

end

% temporal pooling (mean over time)

pooled = mean(x,2); % dModel x 1 x B

pooled = reshape(pooled, dModel, B);

% static projection

Snum = extractdata(Sdl); % Convert to numeric
staticProj = params. Wstatic * Snum; % Wstatic: [dModel x numFeatures]
staticProj = staticProj + params.bstatic; % Bias addition

staticProj = dlarray(staticProj); % Convert back to dlarray
% fuse (addition)

fused = pooled + staticProj;

% classification head

logits = params.Wout * fused + params.bout; % numClasses x B
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