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Abstract: To address the challenges of poor environmental adaptability and high computational overhead on edge

devices faced by high-dimensional heterogeneous data fusion in complex scenarios, this paper proposes a multi-
domain perception and heterogeneous information fusion framework based on a dynamic adaptive algorithm. By
introducing a cross-domain collaboration mechanism, a dynamic weight allocation strategy, and a lightweight edge
computing model, it effectively addresses the bottleneck problems faced by traditional methods when processing
highly heterogeneous data, such as low fusion efficiency, high interaction costs, and difficulties in cross-domain
collaboration. Experimental results show that the proposed method achieves a multi-domain fusion object detection
accuracy (mAP@0.5) of 94.2% in smart city scenarios, and maintains an anomaly detection F1 score of 8§4.3% in
network security situational awareness even under 20% high noise interference. Meanwhile, through the edge-cloud
collaboration mechanism, it reduces the energy consumption of edge devices by 40% and shortens the inference latency
to 28.7 ms, providing a new technical path for achieving efficient and robust multi-domain perception and information
fusion.

Keywords: multidomain perception, heterogeneous information fusion, dynamic adaptive algorithm, cross

domain collaboration, edge computing
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Fig.1 MultiLayer adaptive fusion system
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Init weights: [a,f,y,0]

Init models: RL_Controller, Cross_Attention,

Feature Extractors(CNN/PointNet/LSTM/BERT)

def Multi Domain Perception(D,S_env):
D _norm=Normalize(D)
S_ctx=Context Evaluation(S_env)

return D_norm,S _ctx

def Heterogeneous Fusion(D norm,S ctx):

F img=CNN(D_norm.img)

F pcl=PointNet(D_norm.pcl)

F sen=LSTM(D_ norm.sen)

F txt=BERT(D norm.txt)

F cross=Cross_Attention(F_img,F pcl,F _sen,F t
xt)

o.f,7,0=RL_Controller.update weights(S_ctx)

F fused=a*F cross[:,0,:]+4*F cross[:,1,:]+y*F ¢
ross[:,2,:]+0*F_cross|[:,3,:]

return F_fused

def Dynamic Decision(F fused,S ctx):
action=RL_Controller.select_action(F_fused,S ct
X)
reward=Evaluate Performance(action)
RL _Controller.update policy(reward)
return{"weights":[a,f,7,0],"decision":action,"conf
idence":Confidence(F_fused)}

# ARG LA

while True:

D norm,S ctx=Multi Domain Perception(D,S e
nv)

F_fused=Heterogeneous_Fusion(D_norm,S_ctx)
output=Dynamic_Decision(F_fused,S ctx)
Output(output)
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* Q_img=Linear img(F _image) €R"{BXd model}
. K pcl,

V_pcl=Linear k(F pointcloud),
Linear v(F_pointcloud)
. K sen, V_sen=Linear k(F_sensor),
Linear v(F_sensor)

* K txt, V_txt= Linear k(F text), Linear v(F_text)
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Attn_{pcl} = MultiHead(Q img, K pcl, V_pcl) (1)
Attn_{sen} = MultiHead(Q_img, K sen, V_sen) (2)
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