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Underwater mine detection is vital for maritime safety
and naval operations. Deep learning has recently been
applied to sonar imagery for this task. However,
real-time deployment on Automated Underwater
Vehicles (AUVs) and Unmanned Surface Vehicles (USVs)
requires lightweight and efficient models. This paper
reviews current deep learning-based sonar detection
methods, outlines key model compression techniques,
and summarizes representative applications. We also
examine their impact on accuracy and efficiency and
discuss implications for field deployment and future
research.

El2{'d(Deep Learning), ¥AtaHQuantization)
el A2t (Model Compression), &2|(Detection)
£=Z7|2|E2|(Underwater Mine Detection)
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Table 1. Model compressions comparison

No. Technique Advantage Fault
o Speed,
1 Quantization Memory Efficiency Accuracy Loss
. FLOPS
2 Pruning Parameters Accuracy Loss
3 KD Accuracy Teacher
o Robustness Dependency
Low-rank HD Image Fine-tuning Cost
Approx. Processing
5 NAS Real-time Time/Computation

Cost
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Fig. 1. Pruning criteria[9]
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Fig. 2. Knowledge distillation example[9]
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Fig. 3. YOLOX-VIT architecture[5]
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Algorithm 1 LiDAR-PTQ quantization

Input: Pretrained FP model with N layers; Calibration dataset D, iteration T".
Output: quantization parameters of both activation and weight in network, i.e., weight scale s,
weight zero-point z,,, activation scale s,, activation zero-point z, and adaptive rounding value for

weight 6.

1: Optimize only weight quantization parameters s,, and z,, to minimize Eq 16 in every layer using

the grid search algorithm;

2: input D° to FP network to get the FP final output Oy,

3 for L, = {L;[i=1,2,..N} do

4 Ophm]zc only activation quantization parameters s, and z, to minimize Eq 16 in layer L;

using the grid search algorithm;
Collect input data [; to the FP layer L;;

5

6:  Input J; to quantized layer L? and FP layer L; to get quantized output A, and FP output A;;
7: Input A; to the following FP network to get output O, of partial-quantized network;
8.
9

for all j = 1,2,..., T-iteration do

Check quantized output Az and FP output and calculate Lj,.,; using Eq 11;

10: Check partial-quantized network output O;m- and FP final output Oy, to calculate Lrgpr,
using Eq 9;

11: Optimize quantization parameters S,,, 2. Sq, and z,, 8 of layer L; to minimize L;,q; using
Eq 12;

12:  end for

13:  Quantize layer L; with the learnable quantization parameters s, Zy, Sq, and z,, 6;

14: end for

(a) RGB image data distribution

Fig. 4. LiDAR-PTQ algorithm and data distribution[1]
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(b) LlDAR point cloud data distribution
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Layer4.1.Conv2.

Backbone activation
RetinaNet-ResNet18

(a)

FP heatmap mAP:31.42%

Layerl.1.Conv2.
activation

FP heatmap -
(b) mAP:31.18%

Quantized by L, metric
mAP:31.57%

Quantized by L, metric

Quantized by L, metric
mAP:31.04%

Quantized by L, metric

Fig. 5. 4-bit quantization applied RetinaNet-ResNet18 architecture[11]
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