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Comparative Analysis of Deep Reinforcement Learning
Algorithms for Container Terminal Stowage Planning Information
Systems: PPO, DQN, and SAC
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Abstract

Stowage planning is a core decision module of terminal operating systems, yet little evidence exists on which
deep reinforcement learning algorithm fits the discrete slot-assignment environment. We compare PPO, DQN, and the
continuous-control SAC under identical budgets in a single-bay environment, hypothesize three structural failure
mechanisms of standard SAC, and analyze corresponding redesign components via cumulative ablation. Under a single
seed, PPO achieved the fastest convergence and highest stowage quality; standard SAC collapsed at the largest scale,
and the redesign recovered it to about 82% of PPO's return, mostly via learning-signal stabilization. Episodes
resampled from three months of empirical cargo data showed the smallest degradation for PPO, suggesting
distributional robustness as an independent criterion.
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Table 1. Reward components: purpose, value, and timing
ltem Purpose Value (formula) | Timing
R1 valid placement +1.0 step

-10.0 (invalid row
R2 | full-stack penalty 200) step
R3 | overstowage penalty -15.0 step
unloading-order +2.0 (+0.6 same
R4 bonus POD/empty) step
R5 | row weight balance | +8.5x(1-min(CV,1)) | step
R6 CoGi deviation -8.5x|c-c#l/c step
penalty
R7 | episode completion +80xVPR final
R8 | POD band quality | +1.33xpurityxtiers final
R9 | column weight limit | 5.0 (over 160MT) | step
same-tier .
R10 samePOD +2.67xmin(n,4) step
R weight inversion 60 step
penalty
R12 | perfect column order +2.0xcolumns final
. +1.33 / -1.0xdev.
R13 | target-tier match (05 below) step
R14 ' empty-row penalty —2.0xrows final
Ry | Verical same-POD -2.67xmin(run-1,3) | step

penalty

¥ CV: coefficient of variation of row weights, ¢: center of
gravity, c= bay center, purity: ratio of the most frequent
POD within a tier
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Fig. 1. Comparison of the empirical cargo distribution and
environment assumptions
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Table 2. Configuration comparison between PPO and
redesigned SAC(S3)

ltem PPO (baseline) SAC (redesigned,
S3)
—11)2 —
Action space Discrete(10) B.OX( 1
discrete map
. e off-policy (buffer
Learning on-policy 510°)
- VecNormalize
Normalization none
(Obs/reward)
Reward RIRI5 origina R1"R15 +.potent|a|
signal shaping
Curriculum env reolacement env replacement +
shift P buffer reset
actor 256x256 /
Network | shared 512-256-128 aric 400-300
Entropy coef. 0.01 0.01 (fixed)
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12567,
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Table 4. Final performance at Lv4 under training and
empirically resampled distributions

Config | VPR | WBI | PSR | c0W\R | Return | Emp. R
PPO 0999 0959 0.000 0007 13770 9209
DQN | 0997 0952 0.000 0.010| 13514 | 533.1
SAC-S0 | 0274009 0609 0.004  -560.1 | -545.4

>
H

7164_5_1

iz ol Al S
it = (==

I

SAC-S1 | 0649|0606 | 0.085| 0.007 | -157.4 | -381.1

SAC-S2 | 0.971]0.926|0.111|0.008 | 860.3 | -3189

SAC-S3 | 0.962|0.920 0.000 | 0.011 | 11316 | 617.3

Random | 0.880 | 0.801 | 0.000 0.010 | 374.8 -

Nearest

1.000 | 0.897 | 0552 | 0.034 | -2755 -
heur.

CoG heur. | 1.000] 0.953  0.121 | 0.004 374.7 -

¥ OSR omitted (0.000 for all configs; see Section 3.4).
PSR: vertical single-POD stacking ratio (lower is better).
Emp. R (empirical-resampling return): mean raw return
over episodes resampled from the empirical cargo
distribution (Lv4, 300 episodes)
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Table 5. Reward, cumulative contribution, and convergence
by configuration

Confi Lv4 Cum. Conv. steps
¢ return gain (95%)
SO
(standard+rounding) 560.1 3.56M
S1 (+2D mapping) | -1574 | +4027 | 411M

S2 (+norm., fixed
ent)

S3 (+shaping, buf.
reset)

860.3 | +1017.7 0.56M

11316 | +271.3 3.85M

% Convergence steps for SO and S1 indicate arrival at a
low-performance plateau and are not directly comparable
to converging configurations
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Table 6. Computational cost by configuration: parameters
and per-decision inference latency

Config | Parameters Mean(ms) p95(ms)
PPO 411,787 044 0.81
DQN 412,948 0.37 0.73

SAC-S0 698,790 0.34 0.70
SAC-S1 700,904 0.55 1.03
SAC-S2 700,904 0.56 095
SAC-S3 700,904 0.56 1.09
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